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Abstract. Carbon exchange between forest ecosystems and the atmosphere play an important role in global carbon cycle, 21 

which is difficult to be accurately quantified due to the large uncertainties in scaling up site-scale observations or filling-up 22 

measurement gaps. A process-oriented model equipped with comprehensive processes to explicitly simulating coupled 23 

carbon, nitrogen and water cycling, is hypothesized to reduce the uncertainties in quantification of forest carbon fluxes. To 24 

test this hypothesis, the Catchment Nutrient Management Model - DeNitrification-DeComposition (CNMM-DNDC), as a 25 

hydro-biogeochemical model that dynamically couples the carbon, nitrogen, phosphorous and water cycling processes, was 26 

updated in this study by incorporating a new forest growth module derived from the Biome-BGC model and validating the 27 

updates using multiple-year continuous observations of carbon and water fluxes at the site scale. The updated model has 28 
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improved the processes of photosynthesis, litter decomposition, allocation, respiration and mortality to more effectively 29 

capture the transformation and transportation of nutrients in plant-soil-water continuum. The observed gross primary 30 

productivity (GPP), ecosystem respiration (ER), net ecosystem carbon dioxide exchange (NEE) and evapotranspiration (ET) 31 

of three typical forest sites subject to subtropical and temperate climates in eastern Asia (2003–2010) were used for the 32 

model calibration and validation. Compared with the original model in validation, the updated model showed significant 33 

improvements in simulating the daily dynamics and inter-annual variations of each variable, with the NRMSE values 34 

decreased by 46% and 54%, 65% and 37%, 4% and 6%, and 38% and 3% for GPP, ER, NEE, and ET on daily and annual 35 

scales, respectively. The comparable performances of both model versions for annual NEE emphasizes the importance of 36 

validating each component of carbon fluxes to avoid the offsetting of model errors. The canopy average specific leaf area, 37 

fraction of leaf nitrogen in Rubisco, annual leaf and fine root turnover fraction, maximum stomatal conductance and the ratio 38 

of carbon to nitrogen in leaves and fine roots were identified as the sensitive eco-physiological parameters affecting the 39 

simulations of GPP and ER. In addition, the meteorological variables of solar radiation, humidity and air temperature also 40 

showed strong influences on the simulated GPP and ER. The relatively satisfactory performances demonstrated that the 41 

modified model has the ability to capture the daily dynamics and inter-annual variations of carbon fluxes for forests in 42 

temperate and subtropical zones, which is essential for estimating the emissions of greenhouse gases at the regional or global 43 

scales. 44 

1 Introduction 45 

Forest ecosystems are widely spread in the world, which accounts for nearly 40% of the Earth’s ice-free land surface 46 

(Waring and Running, 1998). In spite of providing wood products, forests can also prevent soil erosion, maintain 47 

biodiversity and regulate the water and carbon cycles (Waring and Running, 1998; Chiesi et al., 2007). Forests play an 48 

important role in global carbon cycle by regulating atmospheric carbon dioxide (CO2) level via the photosynthesis. In 49 

combating with climate change, forest can remove approximately one quarter of CO2 emitted by combustion of fossil fuels 50 

and industry through carbon sequestration (Seidl et al., 2017; Cook-Patton et al., 2020; FAO, 2020). Hence, accurate 51 

estimation of forest carbon fluxes, such as gross primary productivity (GPP) and ecosystem respiration (ER), is essential for 52 
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understanding terrestrial ecosystem carbon cycle and stabilizing global climate change (Mao et al., 2016; Ren et al., 2022). 53 

Various methods can be applied to estimate the carbon fluxes of forests, such as eddy-covariance techniques, satellite-based 54 

remote sensing and numerical models. In comparison, the numerical models are promising tools to combine data from 55 

different sources for more complete characterization of vegetation and soil processes. Among different types of numerical 56 

models, including statistical/regression models (Tatarinov and Cienciala, 2006; Raj et al., 2014), light use efficiency models 57 

(Running et al., 2004; Yuan et al., 2014) and process-oriented models, the last type is essential scientific tools that, deal with 58 

the atmosphere, vegetation, soil, and water within a given space as a continuous and dynamic system (Makela et al., 2000; 59 

Mao et al., 2016). The process-oriented models are generally established based on theoretical understandings of 60 

biogeochemical or even hydro-biogeochemical processes, and thus can better estimate the terrestrial carbon budget 61 

influenced by multiple factors (Schulze et al., 2009; Friedlingstein and Prentice, 2010; Hidy et al., 2012).  62 

Some process-oriented models have been developed to simulate carbon cycle of natural/undisturbed forest ecosystems 63 

at regional or global scale, such as Biome-BGC, ORCHIDEE and LPJ (White et al., 2000; Sitch et al., 2003; Krinner et al., 64 

2005). As managed ecosystems are playing essential roles in terrestrial carbon budget, more researches have most recently 65 

focused on the managed ecosystems with significant anthropogenic activities, such as afforested forests and croplands (Cai 66 

et al., 2022; Ciais et al., 2013; Liu et al., 2022; Mao et al., 2016; Miyauchi et al., 2019). Meanwhile, it is now clear that 67 

interactions between climate and carbon cycle are affected by nitrogen availability and hydrology processes in ecosystems 68 

(Thornton et al., 2007; Piao et al., 2013). The consideration of carbon-nitrogen interactions, as well as nutrients limitations 69 

and availability and/or dynamics of water, in the process-oriented model substantially changes simulated dynamics of several 70 

critical feedbacks between land and climate systems (e.g., Churkina et al., 2009; Thomas et al., 2013). Thus, the explicit 71 

simulations of the nitrogen cycle and the interactions among carbon, nitrogen and water cycles have been improved in some 72 

biogeochemical models. For instance, the widely applied Biome-BGC has been improved to create Biome-BGCMuSo by 73 

adding a multilayer soil module, implementing the processes related to soil moisture and nitrogen balance, and incorporating 74 

the vegetation managements suitable for managed forests and croplands (Thornton et al., 2002; Bond-Lamberty et al., 2005; 75 

Tatarinov and Cienciala, 2006; Di Vittorio et al., 2010; Hidy et al., 2016). Other models suitable for undisturbed ecosystems 76 

have also been extended to simulate the interactions of carbon, nitrogen and water in the managed ecosystems (e.g., 77 
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croplands) with higher accuracy, such as ORCHIDEE-STICS and LPJmL (Gervois et al., 2004; Bondeau et al., 2007). For 78 

croplands, some other process-oriented models have also been established to simulate the complex biogeochemical processes, 79 

such as DNDC, WNMM, SPACSYS and WHCNS (Li et al., 1992; Li, 2007; Wu et al., 2007; Liang et al., 2016). The 80 

DNDC model has been extended to PnET-N-DNDC and Wetland-DNDC versions, which are suitable for forest and wetland 81 

ecosystems (Li et al., 2000; Zhang et al., 2002). The WNMM model has been updated to the CNMM model by incorporating 82 

the new hydrological module and improving plant growth module fitted for different types of vegetation (Ma et al., 2018). 83 

As the biogeochemical processes closely link with the hydrological processes, especially for the landscapes with undulating 84 

terrain (e.g., catchments or river basins), hydro-biogeochemical models are believed to be more effective tools for studying 85 

the carbon, nitrogen and water cycles for terrestrial ecosystems. Generally, hydro-biogeochemical models are based on 86 

distributed or semi-distributed hydrological models and biogeochemical models with different levels of complexity, such as 87 

LandscapeDNDC-CMF, SWAT-DayCent and CNMM-DNDC (Haas et al., 2012; Wu et al., 2016; Zhang et al., 2018). 88 

The CNMM-DNDC is a hydro-biogeochemical model. It was initially developed by fully coupling the Catchment 89 

Nutrient Management Model (CNMM) and the DeNitrification-DeComposition Model (DNDC) and then further updated 90 

several times to enable comprehensive simulations of the tightly coupled carbon, nitrogen, phosphorous and water cycles at 91 

site, catchment, river basin, regional and even continental scales (Zhang et al., 2018; Zhang et al., 2018; Zhang et al., 2021a; 92 

Zhang et al., 2021b; Li et al., 2022; Li et al., 2023). This model has been applied in different catchments located in various 93 

climate regions by simultaneously simulating the ecosystem productivity, emissions of greenhouse gases and gaseous air 94 

pollutants, and hydrological nitrogen losses through soil leaching and discharge in streams as well as soil erosion from an 95 

entire catchment or individual landscape units (Zhang et al., 2018; Zhang et al., 2021a; Zhang et al., 2021b; Li et al., 2022; Li 96 

et al., 2023). At present, this model has been validated with multiple simultaneously variables, including crop yields, soil 97 

organic carbon contents, emissions of methane, nitrous oxide, nitric oxide and ammonia, hydrological losses of nitrate and 98 

total nitrogen through surface runoff and stream flows, and sediments production in soil erosion, in a subtropical agro-forest 99 

catchment (Zhang et al., 2018; Li et al., 2023). The comprehensive validation demonstrated the strong capacity of the 100 

CNMM-DNDC model in simulating the hydro-biogeochemical processes of terrestrial ecosystems.  101 
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Despite the sufficient validations in croplands, the model performance in simulating the forest ecosystems has not been 102 

comprehensively evaluated due to limited data. It is very necessary to assess the model performance in the forest ecosystems 103 

due to the vital role of forests in the terrestrial carbon budget (Seidl et al., 2017). In addition, the present CNMM-DNDC 104 

model simulates vegetation growth by adapting the module applied in the BIOME3 model, which sets the plants as an 105 

entirety without biomass allocation among different tissues and/or organs. Such simplification may induce large 106 

uncertainties, as both photosynthetic allocation and mortality are substantially important for accurately simulating the carbon 107 

and nitrogen cycles of forest ecosystems. Therefore, we hypothesize that modification of the current vegetation growth 108 

module by improving the simulation mechanisms of related processes, such as biomass allocation, respiration, and mortality, 109 

can improve the performance of the CNMM-DNDC in simulating the carbon cycle of forest ecosystems in different climate 110 

regions. To achieve such improvements is especially necessary to broaden the applicability and to increase the reliability of 111 

this model. 112 

To test the above hypothesis, the original and modified versions of the CNMM-DNDC model were evaluated for their 113 

simulation of the daily GPP, ER, net ecosystem carbon dioxide exchange (NEE) and evapotranspiration (ET) using the 114 

continuously observed multiple-year data of three typical forests subject to subtropical and temperate monsoon climates in 115 

the eastern Asia. The overarching goals of this study are to (i) attempt to fill the gaps of simulation mechanisms in the 116 

CNMM-DNDC model by improving the scientific processes of vegetation growth, (ii) compare the performances of the 117 

original and modified model versions in simulating the GPP, ER, NEE and ET at the three typical forest sites and, (iii) 118 

identify the eco-physiological parameters and model inputs that are sensitive to the simulated GPP and ER of the examined 119 

forests. The new model version with the validated modifications is expected to be applicable for more accurately estimating 120 

the carbon budget of forest ecosystems. 121 
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2 Materials and methods 122 

2.1 Model description 123 

2.1.1 Overview of CNMM-DNDC  124 

The initial version of the CNMM-DNDC model was established by incorporating the soil carbon and nitrogen 125 

transformation/transferring processes of the DNDC model, including the processes of decomposition, nitrification, 126 

denitrification and fermentation, into the distributed hydrological framework of the CNMM model (Zhang et al., 2018). All 127 

other functions of the initial CNMM-DNDC version, such as those on the phosphorous cycle and vegetation growth, were 128 

directly inherited from the CNMM (Li et al., 2017; Zhang et al., 2018). Its later versions were established through several 129 

updates to improve its comprehensive functions and universally applicability. These updates include a) developing new soil 130 

pH regulation mechanisms for tea plantations (Zhang et al., 2020), b) modifying the energy balance and heat conductivity 131 

mechanism for adaptation to freeze-thaw cycles in permafrost regions (Zhang et al., 2021b), c) developing an alga-regulation 132 

mechanism of flooding water pH and introducing the Jayaweera-Mikkelsen mechanism for ammonia transfer between water 133 

and the atmosphere to improve the simulation of ammonia volatilization from paddy rice fields (Li et al., 2022) and, d) 134 

introducing the ROSE mechanism on soil erosion to enable the simulations of hydraulic soil erosion and hydrological losses 135 

of dissolved and particle carbon, nitrogen and phosphorous components (Li et al., 2023). As this model has been developed 136 

based on the basic theories of physics, chemistry, and biogeochemistry, it has realized systematic simulation of the tightly 137 

coupled carbon, nitrogen and water cycles at the catchment scale. 138 

The simulated soil depth and temporal and spatial resolutions of the model are all allowed to user-defined depending on 139 

the availability of driving data and/or research objectives. The simulated soil profile could be down to 4 m deep. The soil 140 

temperature is calculated based on energy balance and heat conductivity. The soil moisture is simulated based on the mass 141 

balance among precipitation, irrigation, evapotranspiration, vertical flow, lateral flow and water from a rising groundwater 142 

table. For the site scale simulation, only surface runoff is taken into account, but the subsurface lateral flow is not. The 143 

infiltrated water is controlled by a defined maximum infiltration rate. The vertical water movement in the soil profile is 144 

calculated following the Darcy’s law. A cell-by-cell approach using a kinematic approximation is applied to route the saturated 145 
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overland and subsurface flow based on the digital elevation model. A cascade of linear channel reservoirs is used for 146 

calculating the stream flow (Wigmosta et al., 1994). The soil biogeochemical processes are generally based on the first-order 147 

kinetics for organic matter decomposition and the Michaelis-Menten kinetics of two substrates for nitrification and 148 

denitrification while using the concept of an ―anaerobic balloon‖ to allow for simultaneously oxidative and reductive 149 

reactions (Li, 2007). For more details on the simulations of the soil biogeochemical processes, please see Li (2000, 2007), Li 150 

et al. (2022, 2023) and Zhang et al. (2018, 2020, 2021). 151 

In the current CNMM-DNDC model, the growth processes of plants, including crops, forests and grasslands, are adapted 152 

from those applied in the BIOME3 model (Haxeltine and Prentice, 1996a, b). Among these processes, photosynthesis rate is 153 

calculated as functions of absorbed photosynthetically active radiation (APAR), temperature and atmospheric CO2 154 

concentration, following Farquhar et al. (1980) for C3 species and Collatz et al. (1992) for C4. More explicitly, the net 155 

photosynthesis rate, i.e., net primary productivity, is calculated using a standard nonrectangular hyperbola formulation, which 156 

gives a gradual transition between two limiting rates describing the responses of photosynthesis to APAR and the Rubisco 157 

abundance (Haxeltine and Prentice, 1996b). For more details on vegetation growth in the current CNMM-DNDC version, 158 

please see Haxeltine and Prentice (1996a, b) and Zhang et al. (2018). The currently adopted simulation mechanisms on plant 159 

growth, however, ignore not only the biomass allocation among different plant organs or tissues but also the processes of 160 

mortality, even though both photosynthetic allocation and mortality are substantially important for accurately simulating the 161 

carbon and nitrogen cycles of forest ecosystems. 162 

2.1.2 Improvements of CNMM-DNDC 163 

In this study, a new module of forest growth were established for the CNMM-DNDC model, by referring to the 164 

simulation mechanisms applied in the Biome-Bio Geochemical Cycles (Biome-BGC) model (White et al., 2000) to improve 165 

the model performance in simulating the plant growth of forest ecosystems, as well as the related water and carbon fluxes. This 166 

module is designed to well simulate the processes of photosynthesis, litter decomposition, photosynthetic allocation, 167 

respiration and mortality of forests. 168 
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2.1.2.1 Carbon pools of forest ecosystems 169 

Its carbon pools consist of plant carbon, coarse woody debris carbon, litter carbon and soil carbon. The plant carbon pool 170 

is divided into sub-pools of leaves, fine roots, live stems, dead stems, live coarse roots and, dead coarse roots. The coarse 171 

woody debris pool is the accepter of dead stems and dead coarse roots. The litter carbon pool is made of four constituents, 172 

which are liable carbon, unshielded cellulose, shielded cellulose and, lignin. The soil carbon pool excluding the litter carbon is 173 

initially inherited from the DNDC model, which includes the sub-pools of microbes, humads and humus. 174 

2.1.2.2 Photosynthesis 175 

The photosynthesis is one of the important individual processes for carbon accumulation in a forest ecosystem. The 176 

photosynthesis rate is simulated separately for sun and shade leaves based on the two-leaf mechanism in consideration of 177 

enzyme kinetics (Farquhar et al., 1980). It jointly depends on the amount of APAR, the calculated maintenance respiration 178 

(MR), the difference between the internal and external partial pressure of CO2, the nitrogen content in leaves, the portion of 179 

nitrogen in Rubisco and, the temperature controlling the enzyme kinetics. 180 

The projected leaf area index of whole canopy (PLAItotal, in m
2
 m

−2
) is calculated as the product of average specific leaf 181 

area based on carbon mass and leaf carbon content. The projected leaf area indexes for the sun leaves (PLAIsun, m
2
 m

−2
) and 182 

the shade leaves (PLAIshade, m
2
 m

−2
) are calculated following Eqs. 1−2 (Jones, 1992).  183 

  AIsun        
   AItotal Eq. 1 

  AIshade     AItotal    AIsun Eq. 2 

The amount of APAR (APARtotal, APARsun, APARshade, W m
−2

) is calculated based on the incoming shortwave radiation 184 

(Rads, in W m
−2

), albedo (Alb, dimensionless), canopy light extinction coefficient (k, dimensionless), the PLAItotal and, the 185 

fraction of PAR in the incoming shortwave radiation (fpar, dimensionless) for the sun and shade leaves, respectively (Eqs. 3−5). 186 

A A total    par ads  .    Alb   .     
    AItotal  Eq. 3 

A A sun    par   AIsun ads  .    Alb  Eq. 4 

A A shade   A A total   A A sun Eq. 5 
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Three separate equations (Eqs. 68) are followed to calculate the reaction rate of photosynthesis, which is the process of 187 

generating simple sugars by combining the CO2 and H2O molecules using energy from the sun (Farquhar et al., 1980). 188 

The Eq. 6 shows the regulation of CO2 diffusion on the photosynthetic rate regulated by Rubisco (Av, μmol CO2 m
−2

 s
− 

) 189 

or by electron transfer(Aj, μmol CO2 m
−2

 s
− 

), wherein Ca and Ci (Pa) are the atmospheric and intercellular concentrations of 190 

CO2, respectively. The Ca is calculated using Eq. 7, based on the input data of atmospheric pressure (pa, Pa) and CO2 191 

concentration ( co2
, mol mol

−1
). Following Eq. 8 (Nobel, 1991), the stomatal conductance of CO2 ( CO2

, μmol m
−2

 s
− 

 Pa
− 

) 192 

is calculated using the conductance of water vapour ( 
H2O

, m s
−1

), air temperature (Tair, ℃ , the universal gas constant (R = 193 

8.3143，m
3
 Pa·mol

− 
·K

− 
) and, the ratio of molecular weights of water vapour to CO2 (M). The Av or Aj in Eq. 6 is on the PLAI 194 

basis. 195 

  v or j    CO2
  a    i  Eq. 6 

 a   
   co2

pa  Eq. 7 

 
CO2

  
    

H2O

    air  2  .   
 Eq. 8 

The Av is simulated by Eqs. 916. In Eq. 10, the maximum rate of carboxylation (Vmax, μmol CO2 m
−2

 s
− 

) is simulated as 196 

a function of the nitrogen mass in per unit area of sun or shade leaves (Nleaf, kg N m
−2

), the fraction of leaf nitrogen in Rubisco 197 

as an input parameter (fNR, kg N kg
− 

 leaf N), the weight proportion of Rubisco relative to its nitrogen content (WP = 7.16, kg 198 

Rub kg
− 

 Rubisco N) (Fasman, 1976) and the activity of Rubisco (AC, μmol CO2 kg
−1

 Rub s
− 

). Using Eq. 11, the nitrogen 199 

concentration (Nleaf) in sun and shade leaves are calculated based on the input parameters of the mass ratio of carbon to 200 

nitrogen (C:N) in leaves (rcnl, dimensionless) and specific leaf area (SLA, m
2
 kg

–1
 C). In Eq. 12, the AC is adapted by air 201 

temperature (Tair, ℃) from its standard value at 2  ℃ (AC25, μmol CO2 kg
− 

 Rub s
− 

), wherein the AC25 value and the 202 

temperature sensitivity coefficient (Q10AC, dimensionless) are set as 6×10
4
 μmol CO2 kg

− 
 Rub s

− 
 and 2.4, respectively. The 203 

compensation point of intercellular CO2 concentrations (γ, Pa) in the absence of leaf maintenance respiration (MRleaf, μmol 204 

CO2 m
−2

 s
− 

) is a function of atmospheric concentration of oxygen gas ( O2
, Pa) and the kinetic constants for Rubisco 205 

carboxylation (Kc, Pa) and oxygenation (Ko, Pa) adapted by temperature (Eq. 13). The  O2
 is assumed to be 21% in the 206 

atmosphere (Air, Pa) by volume (Eq. 14). The Kc and Ko values are adapted from their constants at the standard condition 207 
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(2  ℃, Kc25 = 40.4 Pa, and Ko25 = 24800 Pa) to the Tair condition, using the Q10 values of 2.1 and 1.2, respectively, as the 208 

temperature sensitivity coefficients for variables (Eqs. 15−16). The MRleaf in Eq. 9 is on the PLAI basis (refer to the section of 209 

2.1.2.5). 210 

 v   
 max  i  γ 

 i   c    
 O2

 o
 

    leaf Eq. 9 

 max    leaf   AC Eq. 10 

 leaf  
 

 cnl  A
 Eq. 11 

AC   

{
 
 

 
  . AC2    AC

 
 air   
  

 

 
  AC

        air    ℃

AC2    AC

 
 air 2 
  

 
              air    ℃

 Eq. 12 

γ    .  c

 O2

  

 Eq. 13 

 O2
   .2 Air Eq. 14 

 c   

{
 
 

 
  .  c2     c

 
 air   
  

 

 
   c

        air    ℃

 c2     c

 
 air 2 
  

 
              air    ℃

 Eq. 15 

 o   o2     o

 
 air  2 
  

 
 Eq. 16 

The Aj is simulated by following Eqs. 1720. Using the Eq. 18 (de Pury and Farquhar, 1997), the rate of electron 211 

transport rate per unit leaf area (J, μmol CO2 m
−2

 s
− 

) is simulated as a function of potentially maximum rate of electron 212 

transport rate per unit leaf area (Jmax, μmol CO2 m
−2

 s
− 

), curvature of leaf response of electron transport to irradiance (θ1 = 0.7) 213 

and PAR effectively absorbed by photosynthesis per unit leaf area (Ie, μmol CO2 m
−2

 s
− 

). The Ie is calculated by Eq. 19, based 214 

on total absorbed PAR per unit leaf area (I, μmol CO2 m
−2

 s
− 

), spectral correction factor (fsc = 0.15) and photons absorbed by 215 

photosynthesis per transported electron (ppe, mol mol
− 

). The I is a function of APAR and PLAI using the unit conversion 216 

coefficient (EPAR) of 4.55 from W m
−2

 to μmol CO2 m
−2

 s
− 

 for the sun and shade leaves (Eq. 20). The values of ppe are 2.6 217 

and 3.5 for C3 and C4 plant, respectively. 218 
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 j   
   i  γ 

 .  i    . γ
    leaf Eq. 17 

θ   
2 ( e    max)    e  max   Eq. 18 

 e   
      

sc
 

ppe
 Eq. 19 

    E A 
A A sun shade

  AIsun shade
 Eq. 20 

Equations 6 and 9 are solved for Ci, which in turn is introduced into Eq. 17 to solve Aj. The smaller value between the Av 219 

and Aj solutions is accepted as the rate of photosynthesis on the PLAI basis. 220 

2.1.2.3 Litter decomposition 221 

The carbon and nitrogen from dead leaves and fine roots are directly moved into four litter compartments according to the 222 

specified proportions, while the nitrogen removed from the leaves before senescence is re-translocated. The turnover of live to 223 

dead stems and coarse roots happens daily at a rate determined annually using the annual maximum live woody mass and the 224 

specified live wood turnover rate. The dead stems and coarse roots are received by the coarse woody debris pool which is 225 

fragmented and allocated to the litter pools. The litter pools then decompose and enter into the soil organic matter pools. The 226 

decomposition of shielded cellulose, liable carbon, unshielded cellulose and lignin to unshielded cellulose, liable microbe, 227 

liable humads and resistant humads, as well as the heterotrophic respiration and nitrogen immobilization by microbes during 228 

these processes, are considered in the model, with the actual decomposition being scaled depending on the competing plant 229 

nitrogen demand during allocation. Following Eq. 21 (White et al., 2000), the potential nitrogen immobilization (Nimmo_p, kg N 230 

m
−2

 (3h)
− 

) by microbial decomposition is calculated using the potential decomposed carbon (Cdecom_p, kg C m
−2

 (3h)
− 

), 231 

fractions of heterotrophic respiration (fHR, dimensionless) and C:N ratio of litter (RlitCN, dimensionless) and soil organic matter 232 

(RsoilCN, dimensionless). The fractions related to the decomposition processes of leaf, fine root, stem and litters, as well as the 233 

maximum rate constants and biomass loss through heterotrophic respiration, are all defined as constants (online supplementary 234 

material of Table S1 and S3). The decomposition rates of litters are also adjusted by the soil temperature (t_adjust) and 235 

moisture (w_adjust) as showed in Eq. 2223, with the calculated soil water pressure under saturation and the minimum soil 236 

water pressure (Minpressure) set as −10 Mpa. 237 
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 immo p   decom p

     
H 
   

 litC 

 soilC 

 soilC 

 
Eq. 21 

t adjust   {  
 .     2   

 
  air 2  .      22 .          air       ℃

                                               air       ℃
 Eq. 22 

w adjust   

{
  
 

  
 ln  

 inpressure
  pressure

 

ln  
 inpressure
 atpressure

 

                   presssure    atpressure

 .                                      presssure    atpressure
 

  .                                           pressure   inpressure  

 Eq. 23 

2.1.2.4 Allocation 238 

The assimilated carbon allocation and the nitrogen competition between plant nitrogen uptake and litter decomposition 239 

are calculated from the potential carbon quantity assimilated (Cassi_p, kg C m
−2

 (3h)
− 

) in photosynthesis and the potential 240 

microbial nitrogen demand (Nimmo_p, kg N m
−2

 3h
− 

) in organic matter decay. 241 

The assimilated carbon (Cassi_p, kg C m
−2

 (3h)
− 

) available to allocate is the difference between gross primary productivity 242 

(GPP, kg C m
−2

 (3h)
− 

) and MR (kg C m
−2

 (3h)
− 

) of all live tissues. If the difference is negative, it means a carbon pool deficit; 243 

and thus the available carbon for allocation is first allocated to alleviate the deficit. All new allocations to other organs or 244 

tissues are constrained by the new leaf carbon allocation (Waring and Running, 2007). The carbon required for per unit of leaf 245 

growth (Callometry, dimensionless), which is the carbon allometry, is calculated based on the fractions of user-defined allocation 246 

rates and growth respiration (fGR, dimensionless), which in turn accounts for 30% of the total carbon in new tissue (Eq. 24). 247 

The key allocation ratios include new fine root carbon to new leaf carbon (rfrtol, dimensionless), new stem carbon to new leaf 248 

carbon (rstol, dimensionless), new live wood carbon to new total wood carbon (rlwtow, dimensionless) and new coarse root 249 

carbon to new stem carbon (rcrtos, dimensionless). According to Eq. 25, the associated nitrogen needed by per unit of leaf 250 

growth (Nallometry, dimensionless), which is the nitrogen allometry, is calculated based on carbon allometry and the C:N ratios of 251 

leaf (RlCN, dimensionless), fine root (RfrCN, dimensionless), live wood (RlwCN, dimensionless) and dead wood (RdwCN, 252 

dimensionless) (Eq. 25). The nitrogen demand for plant growth (Nassi_p, kg N m
−2

 (3h)
− 

) is predicted by the potential 253 
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assimilated carbon (Cassi_p, kg C m
−2

 (3h)
− 

), carbon allometry (Callometry, dimensionless) and nitrogen allometry (Nallometry, 254 

dimensionless), using Eq. 26. The total nitrogen demand (Ndemand, kg N m
−2

 (3h)
− 

) is the sum of the potential nitrogen 255 

immobilization (Nimmo_p, kg N m
−2

 (3h)
− 

) and the nitrogen demand for plant growth (Nassi_p, kg N m
−2

 (3h)
− 

). 256 

 allometry         G        frtol   stol     crtos   Eq. 24 

 allometry   
 

 lC 

  
 frtol

 frC 

  
 stol lwtow     crtos 

 lwC 

  
 stol     lwtow      crtos 

 dwC 

 Eq. 25 

 assi p    assi p

 allometry

 allometry

 Eq. 26 

If the soil available mineral nitrogen (Nsoil, kg N m
−2

 (3h)
− 

) can satisfy the total nitrogen demand, the actual allocation 257 

and microbial decomposition are equal to the potential values. The plant nitrogen demand is first addressed by the 258 

retranslocated nitrogen and then the soil mineral nitrogen. The nitrogen demand for decomposition is totally from the soil 259 

mineral nitrogen. Otherwise, the potential microbial decomposition is adjusted by a dimensionless factor of FPI, which is 260 

defined with Nsoil and the ratio Nimmo_p to Ndemand (Eq. 27). The Ndemand is still provided by the retranslocated nitrogen and soil 261 

mineral nitrogen pools. If the Ndemand can be satisfied by the nitrogen pools, the actual nitrogen allocations are equal to the 262 

potential nitrogen allocations. Otherwise, the actual nitrogen allocations are proportionally reduced (Wang et al., 2009). 263 

F I   

 soil

 immo p

 demand

 immo p

 
Eq. 27 

2.1.2.5 Respiration 264 

The maintenance respiration (MR, kg C m
−2

 (3h)
− 

) is a function of the nitrogen concentration of living plant tissues (N, 265 

kg N m
−2

), temperature sensitivity (Q10 = 2.0) and Tair (Eq. 28). The plant nitrogen concentration is assumed to linearly affect 266 

MR, with a relationship of 0.218 kg C d
− 

 kg
− 

 N (Ryan, 1991). The MR is separately calculated for leaves, fine roots, live 267 

stems and live coarse roots. The leaf maintenance respiration (MRleaf, μmol CO2 m
−2

 s
− 

) on the PLAI basis is separately 268 

calculated for sun and shade leaves, based on the nitrogen concentration on the PLAI basis (Nleaf, kg N m
−2

), Q10, Tair and the 269 

molar mass of carbon ( CO2
 = 12 g mol

− 
) (Eq. 29). 270 
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 .2    

  

 air 2 
  

 
 

Eq. 28 

  leaf   
 .2   leaf   

 air 2 
  

           CO2

 Eq. 29 

The growth respiration (GR, kg C m
−2

 (3h)
− 

) is calculated separately for plant organs of leaves, fine roots, live stems, and 271 

live coarse roots. For a plant organ, its GR is calculated by allocating the carbon in this organ to its GR pool. The stored GR 272 

pool of this organ is fully or partly converted to the growth in the next year using two key parameters. One is the fraction of 273 

carbon respired for growth (g1 = 0.3). And the other is the proportion of growth respiration to release at fixation (g2 = 1.0). The 274 

carbon pools of plant organs are calculated in the allocation module. 275 

2.1.2.6 Mortality 276 

The mortality is calculated for all plant organs using user-defined rates and the dead tissues enter the pools of coarse 277 

woody debris and litters at each time step. In addition, plant mortality due to fire can be simulated using a user specified rate, 278 

which results in the losses of carbon and nitrogen to the atmosphere. 279 

2.2 Description of observed data 280 

The observed data for model validation were obtained from the Chinese Terrestrial Ecosystem Flux Observation and 281 

Research Network (ChinaFLUX) which was established in 2002 (http://www.chinaflux.org/enn/index.aspx). Using the 282 

open-path eddy covariance techniques, continuous measurements of carbon and water fluxes have been conducted since then 283 

in the major typical forest ecosystems of the eastern Asia, including the temperate site (42°24′09″N, 128°05′45″E, 738 m a.s.l.) 284 

in Changbai Mountain (CBM) with mixed forest of evergreen needle leaf and deciduous broad leaf trees, The subtropical site 285 

(26°44′29″N, 115°03′29″E, 102 m a.s.l.) at Qianyanzhou (QYZ) with artificial evergreen coniferous forest and the subtropical 286 

site (23°10′25″N, 112°32′04″E, 300 m a.s.l.) in the Dinghu Mountain (DHM) with evergreen mixed forests of broad and 287 

needle leaf trees (Yu et al., 2008; Yu et al., 2013; Zhang et al., 2019a). All the forests at the three sites have been treated as 288 

natural reservation area without management. The available datasets for the model calibration and validation at the three sites 289 
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included daily GPP, ER, NEE and ET measured in 2003 to 2010. Meanwhile, the observed hourly meteorological datasets, 290 

including air temperature, precipitation, radiation, wind speed and relative humidity, were used as model inputs to drive the 291 

simulation. 292 

The CBM forest site is located in northeast China and situated within the National Natural Conversation Park of the 293 

Changbai Mountains, in the eastern Jilin Province (Guan et al., 2006). The region is subjected to a temperate continental 294 

monsoon climate, with an average annual air temperature of 3.6 ℃ and annual precipitation of 695 mm (1985−2005) (Yu et al., 295 

2008). A homogeneous mixture of broad leaf deciduous and evergreen coniferous (red pine) forest widely distributes in the 296 

natural reservation area (Wu et al., 2021). 297 

The QYZ site is located in southeast China and situated the Jiangxi Province. The region is subjected to a subtropical 298 

continental monsoon climate, with mean annual air temperature of 17.9℃ and annual precipitation of 1475 mm (1985−2007) 299 

(Wen et al., 2010). The artificial pure coniferous forests were established in 1985 (Dai et al., 2021). 300 

The DHM site is located in south China and situated in the Dinghu Mountains Biosphere Reserve of the Guangdong 301 

Province. The region is subjected to a typical subtropical monsoon humid climate, with an average annual air temperature of 302 

22.3 ℃ and annual precipitation of 1678 mm, of which 80% falls between April and September (Zhou et al., 2013). The carbon 303 

and water fluxes were observed in a mixed forest of evergreen broad leaf and conifer trees, which is a major forest type in 304 

low-latitude subtropical eastern Asia (Li et al., 2012). 305 

More detailed site descriptions can be referred to the online supplementary material of Table S2. 306 

2.3 Model simulation 307 

The modified CNMM-DNDC was calibrated and validated using the observed data of carbon and water fluxes from 2003 308 

to 2007 and 2008 to 2010, respectively, in each of the three forest sites. The required input data of climate (Tair, precipitation 309 

(Prec), wind speed (Wind), solar radiation (Rad), and relative humidity (Hum) in the resolution of 3-hour) and basic soil 310 

properties (soil clay fraction, organic matter content (SOM), total nitrogen, pH and bulk density (BD)) were primarily 311 

obtained from the National Ecosystem Science Data Center (NESDC; http://www.cnern.org.cn). The climate data out of the 312 

observational period were obtained from the China meteorological forcing dataset (1979–2018) (https://data.tpdc.ac.cn). 313 
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Additional required soil parameters also as model inputs, including field capacity, wilting point and saturated hydrological 314 

conductivity, were calculated using pedo-transfer functions (Li et al., 2019). The mixed forests were assumed as 315 

homogeneously distributed deciduous broad leaf tree (DBT) and evergreen needle leaf tree (ENT) for the CBM and 316 

evergreen broad leaf tree (EBT) and evergreen needle leaf tree (ENT) for the DHM. The vegetation type at the QYZ site was 317 

a pure ENT. The required parameters for forest simulation, including forest type, carbon contents of leaf and stem and 318 

eco-physiological parameters (Table S3), were primarily adapted from the field observations provided by the NESDC or 319 

from the peer reviewed literatures (Zeng et al., 2008; Li, 2018; Li, 2019). The simulated soil profile (0−1.5 m in depth) was 320 

divided into 16 layers, with layer thicknesses of 0.05, 0.1 and 0.5 cm for the 0–0.5, 0.5–1 and 1–1.5 m depths, respectively. 321 

In order to stabilize the carbon and nitrogen dynamics and thus reduce the residual effects of initial conditions (Zhang et al., 322 

2015), especially for the carbon balance among different pools, which requires spin-up for at least 10 years (Palosuo et al., 323 

2012), the model simulation at each forest site was pre-run for 13 years. 324 

2.4 Sensitivity analysis 325 

The one-at-a-time (OAT) sensitivity analysis was adopted to examine the influences of newly involved parameters in 326 

the modified CNMM-DNDC model and the inputs as primary drivers on the simulated GPP and ER from the investigated 327 

forest ecosystems. As the NEE was the difference between ER and GPP, it was not considered in the sensitivity analysis. 328 

The simulations during the validation periods (2008–2010) for the three forest sites were regarded as the baseline. The 329 

eco-physiological parameters required for the newly established forest growth module were involved in the sensitivity 330 

analysis, which are detailed in Table S3. In each OAT sensitivity analysis of parameters, a parameter was altered by ± 20%, 331 

± 15% and ± 10%, with the others remaining constant (White et al., 2000). In addition, meteorological variables (i.e., Tair, 332 

Rad, Wind and Hum as 3-hourly means and Prec as 3-hourly totals during the validation periods) and soil properties (i.e., 333 

soil clay fraction, pH, SOM content and BD) were involved in the sensitivity analysis of model inputs. In the OAT 334 

sensitivity analysis of model inputs, the values of a meteorological variable during the validation periods and the value of a 335 

soil property were altered by ± 20%, ± 15% and ± 10%, but with exception for Tair, BD and pH; while the other 336 

meteorological inputs remained unaltered and the other soil properties remained constant. The 3-hourly average of Tair during 337 
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the validation period was altered within the range of –3 to +3 
o
C with an interval of 1 

o
C. Considering that real soil BD and 338 

pH usually vary with narrow amplitudes, the former property was altered within the ranges of 0.97 to 1.17 (CBM), 1.20 to 339 

1.40 (QYZ) and 1.28 to 1.48 (DHM), with an interval of 0.04, and the latter within the ranges of 4.64 to 5.64 (CBM), 4.1 to 340 

4.9 (QYZ) and 3.3 to 4.3 (DHM), with an interval of 0.2, respectively. The sensitivity of annual GPP and ER fluxes to an 341 

examined parameter or input variables was evaluated using a sensitivity index (I, %) following Majkowski et al. (1981). 342 

Each I value was calculated with Eq. 30. 343 

    
   ∑       baseline   

 
   

  baseline

 Eq. 30 

In Eq. 30, Mi and Mbaseline denote the simulated annul GPP or ER corresponding to the i
th

 altered value(s) and the 344 

baseline of the examined parameter or input variables, respectively; and n represents the total number of alternation for a 345 

parameter or input variable, which was set as 6 in this study. The three-year mean and standard deviation of a forest type at 346 

each site were reported for the value of index (I), indicating the sensitivity of annual GPP or ER fluxes to a parameter or an 347 

input variable. 348 

2.5 Statistics and analysis 349 

The statistical criteria applied for evaluating the model performance in this study (Eqs. 3133) included (i) the 350 

normalized root mean square error (NRMSE ,  ii  the  ash‒ utcliffe efficiency (NSE), and (iii) the determination coefficient 351 

(R
2
) and slope of a significant linear zero-intercept regression (ZIR) (Nash and Sutcliffe, 1970; Willmott and Matsuurra, 2005; 352 

Moriasi et al., 2007; Congreves et al., 2016; Dubache et al., 2019). A value of NRMSE closer to 0 indicated a better simulation. 353 

The NSE value (ranging from minus infinity to 1) is defined to compare the overall deviation of the simulations from the 354 

observations with the observed variance (Nash and Sutcliffe, 1970). An NSE of 1 indicates the best simulation, and a value 355 

between 0 and 1 shows smaller overall deviation than the observed variance and thus an acceptable model performance, but 356 

otherwise worse. A better model performance is also indicated by a slope and an R
2
 value simultaneously closer to 1 in a 357 

significant zero-intercept linear regression of observations against simulations (Dubache et al., 2019). The absolute 358 

divergence of the slope from 1 represents the average bias of the simulations from the observations (Zhang et al., 2019b).  359 
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NRMSE =
 

  ̅ 
√
∑ (     )

2 
   

 
 Eq. 31 

NSE =   
∑ (     )

2 
   

∑ (    ̅)
2 

   

 Eq. 32 

R
2
 =   

∑ (    ̂ )
2 

   

∑ (    ̅)
2 

   

 Eq. 33 

In Eqs. 3133, i and n (i = 1, 2, …, n) denote the i
th

 pair and the total number of pairs of the model simulated (S), 360 

observed (O) and predicted ( ̂) by linear regression, respectively, with the n values given in Tables 12 and  ̅ denoting the 361 

mean value of n observations. 362 

In addition, the Taylor diagram was also used to evaluate the performances of the original and modified model versions. 363 

A Taylor diagram for all the three field sites was drawn for one of the four examined variables, i.e., GPP, ER, NEE and ET. 364 

It was used to simultaneously demonstrate the correlation coefficients (r) between the simulations and observations of daily 365 

fluxes, the centred root mean square difference (RMSD) and the standard deviations (SD) of the observations (the horizontal 366 

axis) and the model simulations. A normalized SD (NSD) of observations was 1 and the corresponding NSD of simulations 367 

was given as the ratio of the standard deviation of simulations to that of observations. A Taylor diagram would indicate a 368 

better model performance with r closer to 1 and a distance closer to zero between the RMSD of simulations and the NSD of 369 

observations. 370 

The SPSS Statistics Client 19.0 (SPSS Inc., Chicago, USA), the Origin 8.0 (OriginLab, Northampton, MA, USA) and the 371 

R software packages were applied for the statistical analysis and graphical comparison. The source code and executive 372 

program of the improved model, as well as the input data can be obtained from Zhang et al. (2024). 373 

3 Results 374 

3.1 Model performances in simulating carbon and water fluxes 375 

The daily GPP observed at the three forest sites all showed significant seasonal variation trends, which were consistent 376 

with the dynamics of air temperature. However, the seasonal patterns at the DHM site that is located in the south margin of 377 

subtropical region were much weaker than those at the other two sites. For the daily GPP simulations, as compared to the 378 

observations, the original model generally resulted in much earlier appearance of the seasonal peak at the CBM site (Fig. 1a), 379 
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larger inter-day fluctuations at the QYZ site and larger seasonal peak fluxes at the CBM and DHM sites (Figs. 1a, 2a and 3a). 380 

The modified model overcome these poor performances of the original model, with the NRMSE, NSE and R
2
 and slope 381 

values of 0.33−0.41, 0.08−0.89, 0.18−0.90, and 0.85−0.94 respectively (Figs. 1a, 2a and 3a; Table 1). At each site, the 382 

modified model generally performed better than the original model, as showed in the Taylor diagram (Fig. 4a). Among the 383 

three sites, the modified model showed the best performance at the CBM site, with NSE (~0.88), R
2
 (~0.89) and slope 384 

(~0.94), all beings close to 1. In comparison, especially at the CBM and DHM sites, the daily GPP fluxes simulated by the 385 

original model were much higher than the observations during the growing season, which led to the unacceptable statistics 386 

(Table 1). The observed annual GPP fluxes during the eight years ranged from 13.3 to 16.6, 16.5 to 19.3 and 12.5 to 15.5 Mg 387 

C ha
−1

 yr
−1

 at the CBM, QYZ and DHM, respectively. The corresponding annual simulations by the original versus modified 388 

models totalled 12.4−18.5 versus 14.5−18.3, 14.4−19.2 versus 17.6−20.3, and 12.8−14.0 versus 12.7−15.2 Mg C ha
−1

 yr
−1

, 389 

respectively (Fig. 5a−c), with the modified model resulted in an NSE over 0.60. Thus, the modified model showed better 390 

performances in simulating the annual GPP fluxes than the original model (Table 2). The validation results of GPP showed 391 

that the modified model not only performed much better in simulating the daily dynamics during multiple years, but also 392 

more effectively captured the inter-annual variations. 393 

The daily observed ER showed similar dynamics with those of GPP, but the peak values at the CBM sites were nearly 394 

double of those at the DHM site. For the daily ER fluxes, the original model resulted in earlier appearance of the seasonal 395 

peaks at the CBM site, overestimated seasonal fluxes at the CBM and DHM sites and larger inter-day fluctuations or even 396 

underestimation in summer at the QYZ site. In comparison, the modified model could successfully overcome these poor 397 

performances (Figs. 1b, 2b and 3b). It could generally well capture the seasonal patterns, with much smaller deviations, 398 

reporting the NRMSE, NSE, R
2
 and slope values of 0.18−0.27, 0.62−0.93, 0.68−0.93 and 0.92−1.05, respectively, during 399 

both the calibration and validation periods (Table 1). In contrast, the original model performed poorly in simulating the daily 400 

ER fluxes of the three sites during both periods, showing NRMSE, NSE and R
2
 ranged from 0.51 to 0.94, 1.32 to 0.25, 0.11 401 

to 0.40 and 0.45 to 0.83, respectively (Table 1). The Taylor diagram also indicates the obvious improvements of ER 402 

simulations by the modified model for the three forest sites, with significant higher correlation coefficients (Fig. 4b). For the 403 

annual ER fluxes at the CBM, QYZ and DHM sites, the observations varied from 11.3 to 14.7, 12.1 to 15.7 and 9.0 to 11.4 404 
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Mg C ha
−1

 yr
−1

, respectively. The corresponding simulations by the original versus modified models totalled 10.8−14.9 405 

versus 11.1−16.2, 9.9−13.0 versus 12.7−14.3, and 9.5−10.3 versus 9.5−11.1 Mg C ha
−1

 yr
−1

, respectively (Fig. 5d−f). The 406 

simulations by the modified model were much better than the original model, showing NSE values of 0.56 versus 0.05 for all 407 

cases (Table 2). These results on the model performances indicate that the modified model version developed in this study is 408 

capable of well simulating the sum of CO2 effluxes due to autotrophic respiration and soil heterotrophic respiration in 409 

different forest types subject to subtropical to temperate monsoon climates in east Asia. 410 

The observed daily NEE showed significant seasonal patterns at the CBM site, while less obvious seasonal patterns at 411 

the other two sites (Figs. 1c, 2c and 3c). The Taylor diagram (Fig. 4c) illustrates that the modified model better simulated the 412 

daily NEE fluxes of the CBM during either the calibration or validation period but not at the QYZ and DHM sites (Table 1), 413 

as compared to the original model. However, the corresponding statistics for the NEE validation, with values of 1.05 to 2.85, 414 

0.11 to 0.47, 0.02 to 0.61 and 0.15−0.41 for the NRMSE, NSE, R
2
 and slope, respectively, were generally worsen than 415 

those for the GPP and ER (Table 1). The simulations by the original model did not match with the observations due to the 416 

deviations in capturing the seasonal dynamics of GPP and ER. At the CBM site, especially, the original model resulted in 417 

unreasonably intensive negative NEE in the spring season while the modified model in generally performed pretty good for 418 

the dynamical daily NEE fluxes of this site (Fig. 1c). At the QYZ site, both model versions showed comparable 419 

performances in simulating the daily NEE fluxes, though the modified model obviously improved its performances in 420 

simulating the dynamical daily fluxes of both GPP and ER (Fig. 2c). At the DHM site, the simulations by both model 421 

versions showed significant disagreement with the measured daily NEE fluxes in the winter season and occasionally also in 422 

the summer season, though the modified model greatly improved the simulations of daily GPP and ER fluxes (Fig. 3c). The 423 

annually accumulated NEE fluxes observed at the CBM, QYZ and DHM sites in 2003−2010 ranged from 3.8 to 0.7, 5.5 424 

to 3.6 and 5.2 to 2.1 Mg C ha
−1

 yr
−1

, respectively. The annual NEE fluxes simulated by the original versus modified 425 

models ranged from 3.6 to 1.4 versus 4.2 to 1.8, 6.1 to 4.6 versus 6.8 to 3.9, and 3.0 to 3.7 versus 4.1 to 3.3 426 

Mg C ha
−1

 yr
−1

 at the CBM, QYZ, and DHM sites, respectively (Fig. 5g−i). Despite the worse simulations of GPP and ER by 427 

the original model, the simulated annual NEE fluxes were comparable between the two model versions (Table 2). 428 
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Overall, for the carbon fluxes of the three forest sites during the multiple-year periods, the modified model effectively 429 

captured the dynamical GPP and ER, followed by the NEE (Fig. 1−3). For the different forest types, the modified model 430 

better predict the annual NEE of the pure ENT (QYZ) and the mixing forest of ENT and DBT (CBM) than the mixing forest 431 

of ENT and EBT (DHM) (Table 2). Following the definition of NEE (i.e. NEE = ER – GPP), the NRMSE of simulated daily 432 

and annual NEEs could be propagated from those of GPP and ER simulations. For the daily NEEs during the validation 433 

period, the propagated NRMSE values were 0.49, 0.40 and 0.42 at the CBM, QZY and DHM, respectively (0.44 on average 434 

across the three sites). For the annual NEEs, the propagated NRMSE value across all the three sites during the three 435 

validation years was 0.13. These propagated NRMSEs for the modified model simulations, as Table 1 and 2 list, were much 436 

smaller than the NRMSEs of direct NEE simulations (0.44 versus 1.92 on average for the daily fluxes and 0.13 versus 0.51 437 

for the annual fluxes), or as compared to the NRMSEs propagated from those of the original model simulations on ER and 438 

GPP (0.44 versus 1.02 on average and 0.13 versus 0.23 for the daily and annual NEE fluxes, respectively). 439 

The seasonal dynamics of daily ET fluxes were consistent with those of daily GPP due to the contribution of 440 

transpiration which is closely related with plant growth. At the CBM sites, both model versions showed comparable good 441 

performance in simulating the dynamical ET fluxes. At the other two sites, the original model failed to capture the seasonal 442 

dynamics of ET fluxes, but the modified model performed as good as it did at the CBM site (Figs, 1d, 2d and 3d). The 443 

modified model showed NRMSE, NSE, R
2
 and slope values of 0.32−0.46, 0.59−0.81, 0.49−0.82 and 0.61−0.77 for 444 

simulating the daily ET fluxes during the three-year validation period, respectively, especially with great improvement of 445 

NSE (0.80 versus 0.00 at QYZ, and 0.59 versus −0.55 at DHM) as compared to the original model (Table 1). The Taylor 446 

diagram also suggested that ET simulations by the modified model were significantly better at the sites of QYZ and DHM, 447 

as compared to the original model (Fig. 4d). The observed annual ET quantities in 2000−2008 varied from 392 to 495, 510 to 448 

768 and 574 to 720 mm at the CBM, QYZ and DHM sites, respectively. The annual ET simulated by the original versus 449 

modified model versions amounted 332−485 versus 394−522, 696−800 versus 654−732, and 583−726 versus 614−725 mm 450 

at the CBM, QYZ and DHM, respectively (Fig. 5j−l). In comparison, the modified model better captured the inter-annual 451 

variations of ET, with an NSE value greater than 0.60 (Table 2). In general, the modified model with the updated plant 452 

growth module performed better in not only in simulating the daily ET dynamics, but also the inter-annual variations. 453 
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In comparison with the original model, according to the statistics of daily validation fluxes for all the examined 454 

variables including (n = 12) and excluding (n = 9) the NEE of all the three sites (Table 1), the modified model on average 455 

reduced the NRMSE by 38% (p < 0.01) and 50% (p < 0.01), increased the NSE from 0.26 to 0.54 and 0.34 to 0.68, 456 

enlarged the R
2
 by 85% (from 0.39 to 0.72, p < 0.05) and 90% (from 0.42 to 0.80, p < 0.05), and reduced the absolutely 457 

deviations of the slopes from 1 (from 0.35 to 0.12, p < 0.01 and from 0.33 to 0.04, p < 0.001), respectively. These results 458 

further showed the obviously improved performances of the modified model in simulating daily fluxes of GPP, ER and ET, 459 

particularly reduced significantly the biases of daily GPP and ER. 460 

For the statistics of NRMSE, NSE, slope and R
2
 on the annual GPP and ER at the three sites in the validation years, the 461 

modified model showed slightly significant improvement (n = 8, p < 0.01), while those on the annual NEE and ET were 462 

comparable between the modified and original model (Table 2). 463 

3.2 Sensitivity of carbon fluxes to examined parameters or factors 464 

For the newly incorporated eco-physiological parameters, as Figs 6−7 and Figs S1−2 illustrate, the modified model 465 

simulations of both annually cumulated GPP and ER fluxes at the three sites were sensitive to canopy average specific leaf 466 

area (SLA, p30), fraction of leaf nitrogen in Rubisco (FLNR, p32), annual fraction of leaf and fine root turnover (LFRT, p6) 467 

and maximum stomatal conductance ( 
CO2   

, p33). FLNR, LFRT and SLA were the parameter with the highest sensitivity 468 

for the mixed forests at the CBM, QYZ and DHM sites, respectively. Both annual GPP and ER fluxes of the mixed forests at 469 

the CBM and DHM sites were more sensitive to the parameter of FLNR than those of ENT at the QYZ site. Compared with 470 

the forests in the temperate region, the annual GPP and Re fluxes of subtropical forests were more sensitive to the parameter 471 

of LFRT. The values of sensitivity index were increased with the decreased latitude. For annually cumulated GPP fluxes, 472 

SLA was the parameter with higher sensitivity for the ENT in different climate zones, while FLNR was the most sensitive 473 

parameter for the DBT in the temperate region and the EBT in the subtropical region (Figs S1). The sensitivity index of 474 

FLNR for the DBT was nearly twice of that for the ENT at the CBM site, and thus FLNR was identified as the most 475 

sensitive parameter for the annual GPP fluxes at the CBM site. Similarly, the relatively high index of LFRT for the ENT at 476 

the DHM site led to intensive responses of the simulated annual GPP fluxes to the changes of LFRT. With regard to the 477 
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sensitive parameters of annual ER fluxes, there were SLA, fine roots (C:Nfr, p17), LFRT and gsmax for the ENT and, FLNR, 478 

LFRT and carbon to nitrogen ratios in leaves (C:Nleaf, p15) for the DBT and EBT (Figs S2). 479 

For the meteorological variables, Figs. 6−7 demonstrate that the simulated annual GPP and ER fluxes were sensitive to 480 

solar radiation and air temperature at the CBM and DHM sites with mixed forests, while were solar radiation and humidity at 481 

the QYZ site. The values of sensitivity index were comparable among three sites. For the ENT, the annual GPP fluxes were 482 

most sensitive to the solar radiation and humidity at the three sites in different climate zones. For the DBT and EBT, the 483 

annual GPP and ER fluxes were most sensitive to the solar radiation and air temperature (Figs. S1−2). Meanwhile, both the 484 

annual GPP and ER fluxes of the different forests were not sensitive to the examined soil properties of clay fraction, soil 485 

organic matter, pH and bulk density with sensitivity indexes less than 1%. 486 

4 Discussions 487 

4.1 Model simulations on carbon fluxes 488 

As GPP is an essential flux component in the carbon budget of forests at site to global scales, accurate estimation of 489 

forest GPP is urgently required to understand and assess the dynamics of global carbon cycle, predict future trends and 490 

ensure long term security of the ecosystem services (Campbell et al., 2017; Cook-Patton et al., 2020). Light use efficiency 491 

(LUE) models, such as CASA, MODIS, can adequately simulate the spatial and temporal dynamics of GPP due to the usage 492 

of extensive satellite observations (Potter et al., 1993; Running et al., 2004). By comparing and assessing major algorithms 493 

and performances of seven LUE models, Yuan et al. (2014) have concluded that most models can effectively capture the 494 

temporal variations and magnitudes of daily GPP in deciduous broad leaf forests and mixed forests (with R
2
 of 0.6 to 0.8). 495 

However, this type of model cannot be applied for prediction due to the dependence on satellite data that are only available 496 

historically (Yuan et al., 2014). As Raczka et al. (2013) have indicated, reproducing the inter-annual variability of GPP is a 497 

challenge for both LUE and terrestrial biosphere models. Process-oriented models are designed to enable prediction of future 498 

carbon cycle through describing the physical and mechanistic processes occurring over time (Srinet et al., 2023). The 499 

comparison studies of model simulation against the observations in North American (Keenan et al., 2012; Raczka et al., 500 

2013) have showed that, as compared to LUE models, process-oriented models possess some skills in simulating the 501 
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inter-annual variations (with R of 0.09 to 0.46). In the present study, the modified process-oriented model well simulated the 502 

multiple-year dynamics of daily GPP fluxes (with R
2
 of 0.5 to 0.9) and showed acceptable performance in simulating 503 

inter-annual GPP variations (with R
2
 of 0.8). These results are comparable with or even better than the simulations of the 504 

Biome-BGC model for the three forest sites involved in our study (Wen, 2019; Fan, 2021). The worst performance for the 505 

forest at the DHM site may be attributed to the errors in simulating the photosynthesis of EBT due to the difficulty in 506 

modelling the subtle changes in the leaf phenology. Such a difficulty has also been encountered by previous studies (Raczka 507 

et al., 2013; Yuan et al., 2014). In addition, previous study has showed that assimilating satellite data, e.g., LAI, can 508 

significantly improve the performance of process-oriented models in simulating daily GPP (Yan et al., 2016). Therefore, for 509 

the large scale studies, assimilating satellite data may provide a solution to further improve the ability of the modified 510 

CNMM-DNDC model for simulating the spatial and temporal dynamics of forest GPP. 511 

An ER flux consists of the flux components of plant autotrophic respiration and soil heterotrophic respiration, which is 512 

derived from the organic carbon of all organisms in an ecosystem (Chapin et al., 2012). The uncertainties of ER simulations 513 

can lead to the bias of other variables in carbon cycle, such as NEE and net primary production (Fang et al., 2022). Lu et al., 514 

(2021) have found that terrestrial ecosystem models result in large divergences in simulating annual soil respiration and its 515 

components (with R
2
 less than 0.5). In this study, our modified model well simulated the multiple-year ER at the three sites, 516 

with R
2
 around 0.6 which was comparable with simulations based on the random forest model (Lu et al., 2021). In addition, 517 

compared with the ER at the DHM site, the intensive fluxes in the growing season at the CBM were primarily attributed to 518 

the latitudinal gradients of temperature and precipitation along the North-South Transect in Eastern China (Yu et al., 2008). 519 

Field experiments observed highly spatial variability in Q10 as a temperature sensitivity parameter of ER, which is usually a 520 

key parameter in the process-oriented models (Yu et al., 2008; Anav et al., 2013). However, inadequately considering the 521 

spatial heterogeneity of Q10 in process-oriented models may lead to divergences in simulating ER. Therefore, mechanistic 522 

parameterization of Q10 to better reflect the spatial heterogeneity of this parameter is still needed for large scale applications 523 

of our modified model to estimate the carbon budgets of terrestrial ecosystems. 524 

As compared to GPP and ER, the modified model performed worse in simulating NEE at either the daily or annual 525 

scale. The highest uncertainty in predicting NEE is consistent with other studies, which may be due to the compounding 526 
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effects of GPP and ER errors (Fang et al., 2022). Using the default and calibrated parameters or the assimilated satellite LAI 527 

data, Liu (2018) have evaluated the performances of the Biome-BGC model in simulating the daily NEE of three years at the 528 

three forest sites involved in our study and resulted in RMSEs of 9.3 to 31.6 kg C ha
−1

 d
−1

. Our results during the validation 529 

periods ranged from 14.6 to 16.9 kg C ha
−1

 d
−1

, which were comparable to the results using the calibrated parameters in the 530 

above study. At the annual scale, the correlation between simulated and observed GPP is consistently higher than that of 531 

NEE, indicating the high sensitivity of NEE to small relative errors in large GPP fluxes (Raczka et al., 2013). Meanwhile, 532 

the correlation of ER between simulations and observations was lower than that of GPP, suggesting that ER may be the main 533 

contributor to the poor simulation of inter-annual variability in NEE. Although process-oriented models can effectively 534 

simulate the different types of carbon fluxes by incorporating the inter-annual influences of temperature and soil moisture, 535 

the simulated NEE in this study, as well as others (Keenan et al., 2012; Raczka et al., 2013), can draw a conclusion that 536 

process-oriented models do not adequately explain the observed inter-annual variability in NEE, yet. In addition, despite the 537 

much better performances of our modified model in simulating both the daily and annual GPP and ER, the statistics of 538 

simulated NEE were almost the same between the original and the modified model versions. These results suggest the 539 

necessity of validating each component of carbon fluxes from ecosystems so as to avoid the offsetting of model errors. 540 

4.2 Sensitivity analysis 541 

As plant autotrophic respiration consumes nearly 50% of the carbon available from photosynthesis, ER is closely tied to 542 

plant productivity, and thus the strong positive correlation between GPP and ER is presented in models (Ryan, 1991; Piao et 543 

al., 2013; Jagermeyr et al., 2014). The analysis results of this study also indicated that the sensitive parameters of ER were 544 

generally consistent with those of GPP. The parameters that were most sensitive for GPP and ER were those controlling the 545 

CO2 assimilation rate in photosynthesis and influencing respiration, such as SLA, FLNR, LFNR,  
CO2   

, C:Nleaf and C:Nfr. 546 

This result is consistent with those reported by White et al. (2000), Raj et al. (2014), Miyauchi et al. (2019), Ren et al. (2022) 547 

and Srinet et al. (2023). Specific leaf area was identified as a sensitive parameter for both GPP and ER at the three sites as 548 

the ENT were sensitive to SLA at all sites (Fig. S1). This parameter is widely used in process-oriented models for calculating 549 

LAI which influences all aspects of canopy physiology (White et al., 2000). Miyauchi et al. (2019) have concluded that SLA 550 
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strongly affects aboveground woody and leaf carbon density in Eucommia ulmoides plantations on the Loess Plateau. 551 

Therefore, it is not surprising that the variations in SLA result in significant corresponding changes in GPP, as well as ER 552 

(Srinet et al., 2023). Our results also showed that both GPP and ER were sensitive to the parameter of FLNR, especially for 553 

the broad leaf trees. Carboxylation is the first step of atmospheric CO2 assimilation, using the catalyst of Rubisco which is 554 

probably the most abundant protein on earth (Stitt and Schulze, 1994; White et al., 2000). The fraction of leaf nitrogen in 555 

Rubisco controls the potential rate of carboxylation (Vmax). This potential rate is a significant state variable with high spatial 556 

variability that is difficult to obtain (Houborg et al., 2012). Thus, the intensive impacts of FLNR on GPP and ER are 557 

reasonable (Raj et al., 2014). In addition, LFRT was identified as a sensitive parameter for the forests in the subtropical 558 

regions. For deciduous trees, all the leaf and fine root carbon pools are fully turned over every year and thus LFRT is set as 559 

1.0. For evergreen trees, however, LFRT is given as the inverse of mean leaf longevity (White et al., 2000). Net 560 

photosynthetic capacity has been found to be negatively related with leaf longevity (Reich et al., 1999). It is determined by 561 

the positive relationship between LFRT and FLNR in our model. Due to the regulating effects of stomatal conductance on 562 

water loss and carbon assimilation (White et al., 2000; Miyauchi et al., 2019),  
CO2   

 was recognized in our study as a 563 

relatively sensitive parameter. In process-oriented models, e.g., the modified CNMM-DNDC, C:Nleaf determines the nitrogen 564 

required for leaf construction and the content of chlorophyll, thereby affecting photosynthesis, leaf respiration and net 565 

primary cumulative productivity (White et al., 2000; Ren et al., 2022). Although C:Nfr has no direct influences on the 566 

uptakes of water and nutrients, it can control the nitrogen required for fine root construction and the allocation of nitrogen to 567 

roots and shoots, and hence the corresponding respirations (Raj et al., 2014). These may explain why C:Nleaf and C:Nfr 568 

showed relatively high sensitivity for the DBT and the ENT in the temperate region, respectively. The analysis of 569 

eco-physiological parameters also suggests that the parameters of SLA, FLNR, LFNR and  
CO2   

 may be consistently 570 

influential, independent of sites or the type of sensitivity analysis. But the ranking of the parameters may vary according to 571 

specific species and regions (Raj et al., 2014). 572 

In the sensitivity analysis, solar radiation, air temperature and humidity were identified as the essential meteorological 573 

variables influencing GPP. Solar radiation determines the rate of photosynthesis which depends on the amount of absorbed 574 

photosynthetically active radiation. Theoretically, increased solar radiation can promote photosynthesis by providing more 575 
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photosynthetic photon (Yu et al., 2008). As radiation change is the most pronounced factor during cloudy conditions, in 576 

which leaves are not saturated with light, unlike in full-sunny conditions (Yu et al., 2008), our analysis showed that a 577 

positive change in solar radiation during cloudy conditions could significantly promote vegetation growth. The simulations 578 

of the BEPS and CLM-CN models showed that increased solar radiation resulted in higher GPP (Raczka et al., 2013), which 579 

was consistent with the simulations of our modified CNMM-DNDC model. Air temperature was identified as the secondly 580 

sensitive meteorological variable as it influence the enzymatic activity of photosynthesis for mixed forests in both CBM and 581 

DHM with broadleaved trees (Farquhar et al., 1980). Previous studies have showed that ER is closely tied to temperature and 582 

plant productivity (Yu et al., 2008; Jagermeyr et al., 2014). Similar effect of temperature on ER was also detected in the 583 

sensitivity analysis of this study. Air temperature and solar radiation can substantially affect the ER by regulating enzymatic 584 

activity and plant growth. Apart from the effects of solar radiation and air temperature, those of humidity were remarkable 585 

for the ENT, as increased humidity caused declined vapour pressure deficit and promoted leaf-scale conductance, thus 586 

resulting in higher GPP and lower ET (Sato et al., 2015). In addition, the limited effects of soil properties on GPP and ER 587 

suggest that the variations of GPP and ER among the three field sites could be primarily attributed to the latitudinal gradients 588 

of meteorological variables, e.g., air temperature. 589 

The sensitively analysis can quantify the contribution of input parameters/variables to the changes in model outputs, 590 

which is widely applied in model calibration, diagnostic evaluation and uncertainty assessment (Pianosi et al., 2016). In this 591 

study, the one-at-a-time approach of sensitivity analysis was used to evaluate the influences of newly introduced 592 

eco-physiological parameters and model inputs on the GPP and ER fluxes simulated by the modified CNMM-DNDC. 593 

However, the one-at-a-time approach has two essential limitations. One is that only the effects of a specific parameter/input 594 

variable can be provided, but those of the other parameters/inputs cannot be examined during each simulation. Another is 595 

that the analysis may be invalid when investigated output variable is non-linearly tied with an investigated parameter/input 596 

variable (Saltelli et al., 2008). A global approach of sensitivity analysis can reflect the interactive effects of changes in 597 

multiple parameters/inputs (Saltelli et al., 2000; Odongo et al., 2013; Raj et al., 2014). Thus, in order to identify the most 598 

influential input parameters and provide insight into the model function, global sensitivity analysis is needed in future study 599 

to comprehensively analyse the effects of multiple inputs, such as the variance-based sensitivity analysis. 600 
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5 Conclusions 601 

The Catchment Nutrient Management Model - DeNitrification-DeComposition (CNMM-DNDC) is a lately developed 602 

process-oriented hydro-biogeochemical model. Its development is aiming at comprehensive simulation/prediction of 603 

multiple ecosystem variables (e.g., emissions/uptakes of carbon and/or nitrogen gases from terrestrial ecosystems, 604 

evapotranspiration, productivity, soil erosion, and slope runoff and catchment discharges of particle and/or dissolved carbon, 605 

nitrogen and phosphorous at plot, ecosystem, landscape, catchment/river basin, regional or global scales), which are often 606 

concerned in implementing the United Nations Sustainable Development Goals (SDGs) by 2030. However, the current 607 

version of this model uses the same simulation mechanism of plant growth for forest, grassland, wetland and cropland 608 

vegetation, thus resulting in large biases in simulating dynamical carbon fluxes of forests. In fact, the growth and turn over 609 

processes of forests are often different from other vegetation types. In this study, by referring to the Biome-BGC model, the 610 

current CNMM-DNDC model was updated through developing a special module on forest growth so as to improve its 611 

simulation mechanisms of forest vegetation. The modified processes of the updated model include photosynthesis, allocation, 612 

respiration, mortality and litter decomposition, which can detail the transformation and transportation of carbon and nitrogen 613 

in the plant-soil-water continuum of forests. Using the daily data observed by the eddy covariance systems at three typical 614 

forest sites located in different climate regions of the eastern Asia, the updated CNMM-DNDC model were calibrated and 615 

validated for simulating the gross primary productivity (GPP), ecosystem respiration (ER), net ecosystem carbon dioxide 616 

exchange (NEE) and evapotranspiration (ET) during the 8-years period of 2003–2010. The model can effectively reproduce 617 

the daily dynamics of the carbon and water fluxes, thus showing a strong capacity in capturing their annual variations. 618 

Compared with the original CNMM-DNDC, the updated model version generally performed much better in simulating the 619 

daily GPP, ER and ET fluxes, but had no remarkable improvement for the daily NEE. This comparison suggests the 620 

necessity of calibrating and validating each component of carbon fluxes to avoid the offsetting of model errors. The GPP and 621 

ER fluxes simulated by the updated model version are remarkable sensitive to the changes in canopy average specific leaf 622 

area, fraction of leaf nitrogen in Rubisco, annual leaf and fine root turnover fraction, maximum stomatal conductance and 623 

ratios of carbon to nitrogen in leaves and fine roots as the eco-physiological parameters and solar radiation, humidity and air 624 

temperature as the essential meteorological variables that regulate forest growth. However, the effects of soil properties on 625 
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the simulated GPP and ER were neglectable. The updated model was proven in this study to be capable of estimating the 626 

carbon fluxes of various forest ecosystems. It thus provides a potential tool for quantifying multiple ecosystem variables in 627 

close association with the SGDs, especially with improved credibility in simulating the carbon fluxes and budgets of forests. 628 

However, the robust performances of the modified CNMM-DNDC in comprehensively simulating the aforementioned 629 

ecosystem variables for addressing multiple SDGs at different scales still need verification and confirmation in further 630 

studies.  631 
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Table 1 Statistics reflecting performances of original and updated CNMM-DNDC in simulating daily carbon fluxes of gross 907 

primary productivity (GPP) and ecosystem respiration (ER) three forest sites. 908 

 909 

Item Site n
a
 NRMSE  NSE Slope R

2d
 

   Ori
b
 Mod

 c
 Ori Mod Ori Mod Ori Mod 

Daily GPP CBMcal 1826 0.94 0.35 0.19 0.89 0.77 0.94 0.29 0.90 

 CBMval 1096 1.21 0.41 -0.25 0.85 0.60 0.93 0.20 0.86 

 QYZcal 1826 0.51 0.35 0.02 0.55 0.82 0.85 0.20 0.68 

 QYZval 1096 0.47 0.33 0.18 0.59 0.55 0.88 0.65 0.67 

 DHMcal 1826 0.64 0.35 -1.57 0.16 0.75 0.92 - 0.21 

 DHMval 1096 0.64 0.38 -1.68 0.08 0.73 0.89 - 0.18 

 Allcal 5478 0.71 0.35 0.03 0.76 0.79 0.90 0.19 0.79 

 Allval 3288 0.80 0.37 -0.22 0.74 0.71 0.90 0.11 0.79 

Daily ER CBMcal 1826 0.69 0.21 0.25 0.93 0.83 1.00 0.33 0.93 

 CBMval 1096 0.94 0.27 -0.35 0.89 0.65 1.08 0.11 0.90 

 QYZcal 1826 0.57 0.26 -0.53 0.68 0.83 0.93 - 0.71 

 QYZval 1096 0.52 0.21 -0.41 0.77 0.45 1.05 0.40 0.78 

 DHMcal 1826 0.59 0.24 -1.32 0.62 0.73 0.92 - 0.68 

 DHMval 1096 0.51 0.18 -0.76 0.78 0.83 1.00 - 0.78 

 Allcal 5478 0.64 0.24 0.03 0.87 0.81 0.96 0.17 0.87 

 Allval 3288 0.69 0.23 -0.34 0.85 0.77 1.05 - 0.86 

Daily NEE CBMcal 1826 3.79 2.85 0.02 0.45 0.60 0.71 0.15 0.55 

 CBMval 1096 3.55 2.47 -0.09 0.47 0.50 0.69 0.17 0.61 

 QYZcal 1826 0.95 1.17 0.35 0.00 0.83 0.64 0.40 0.32 

 QYZval 1096 1.28 1.59 0.29 -0.09 0.75 0.57 0.41 0.34 

 DHMcal 1826 1.13 1.05 -0.20 -0.04 0.80 0.87 - - 

 DHMval 1096 1.83 1.71 -0.28 -0.11 0.55 0.63 - 0.02 

 Allcal 5478 1.49 1.39 0.13 0.24 0.75 0.70 0.19 0.38 

 Allval 3288 2.04 1.84 -0.01 0.18 0.60 0.63 0.19 0.40 

Daily ET CBMcal 1826 0.48 0.46 0.74 0.76 1.09 1.07 0.76 0.77 

 CBMval 1096 0.47 0.42 0.76 0.81 0.97 0.99 0.76 0.81 

 QYZcal 1826 0.83 0.40 -0.31 0.70 0.69 0.98 0.08 0.70 

 QYZval 1096 0.70 0.32 0.00 0.80 0.50 1.07 0.41 0.81 

 DHMcal 1826 0.72 0.42 -0.57 0.47 0.73 0.96 - 0.47 

 DHMval 1096 0.68 0.35 -0.55 0.59 0.72 0.93 - 0.62 

 Allcal 5478 0.74 0.43 0.03 0.68 0.76 0.99 0.22 0.68 

 Allval 3288 0.68 0.35 0.18 0.78 0.96 1.00 0.48 0.78 

CBM, QYZ and DHM represent the forest site names of Changbai Mountains, Qianyanzhou and Dinghu Mountains, 910 

respectively. The subscripts of cal and val indicate the results during the periods of calibration (in 2003–2007) and validation 911 

(in 2008–2010), respectively, for all the sites. n denotes the number of daily or annual observations. Ori and Mod columns 912 

contain the statistics on simulations of the original and updated CNMM-DNDC, respectively. NRMSE, NSE, Slope and R
2
 913 

column contain statistics of normalized root mean square error, Nash-Sutcliffe efficiency, and the slope and determination 914 

coefficient of zero-intercept linear regression. 915 
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Table 2 Statistics reflecting performances of original and updated CNMM-DNDC in simulating annually cumulated carbon 916 

fluxes of gross primary productivity (GPP) and ecosystem respiration (ER) across all three forest sites. 917 

 918 

Item Site n NRMSE NSE Slope R
2
 

   Ori Mod Ori Mod Ori Mod Ori Mod 

Annual GPP Allcal 15 0.10 0.07 0.04 0.61 1.08 0.98 0.51 0.64 

 Allval 9 0.13 0.06 0.04 0.79 0.99 0.98 0.04 0.80 

Annual ER Allcal 15 0.13 0.10 0.40 0.67 1.08 0.98 0.60 0.68 

 Allval 9 0.19 0.12 -0.69 0.33 1.07 1.08 - 0.62 

Annual NEE Allcal 15 0.23 0.26 0.66 0.55 1.06 0.98 0.69 0.55 

 Allval 9 0.48 0.51 -0.71 -0.96 0.74 0.71 0.19 0.28 

Annual ET Allcal 15 0.17 0.13 0.29 0.61 0.96 0.99 0.34 0.61 

 Allval 9 0.07 0.08 0.89 0.88 0.99 0.98 0.89 0.89 

Meanings of all abbreviations and subscripts, as well as year periods for the calibrations and validations are found in the 919 

footnotes of Table 1.920 
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Figures 921 
 922 

 923 
Figure: 1 Observations and simulations of original and modified CNMM-DNDC model on daily carbon fluxes of gross primary 924 
productivity (GPP), ecosystem respiration (ER) and net ecosystem-atmosphere exchange of carbon dioxide (NEE) and on daily 925 
water vapour fluxes of evapotranspiration (ET) from temperate mixed forest of evergreen needle leaf and deciduous broad leaf 926 
trees at the Changbai Mountain (CBM) site. The legends in panel a apply for other panels. 927 
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 928 

Figure 2: Observations and simulations of original and modified CNMM-DNDC model on daily carbon fluxes of gross primary 929 
productivity (GPP), ecosystem respiration (ER) and net ecosystem-atmosphere exchange of carbon dioxide (NEE) and on daily 930 
water vapour fluxes of evapotranspiration (ET) from subtropical evergreen needle leaf forest at the Qianyanzhou (QYZ) site. The 931 
legends in panel a apply for all other panels. 932 
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 933 

Figure 3: Observations and simulations of original and modified CNMM-DNDC model on daily carbon fluxes of gross primary 934 
productivity (GPP), ecosystem respiration (ER) and net ecosystem–atmosphere exchange of carbon dioxide (NEE) and on daily 935 
water vapour fluxes of evapotranspiration (ET) from subtropical mixing forest of evergreen needle and evergreen broad leaf trees 936 
at the Dinghu Mountains (DHM) site. The legends in panel a apply for all other panels. 937 
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 938 

Figure: 4 Performance of original (empty grey symbols) and modified (solid blue symbols) model versions compared to 939 
observations (black solid points) at each forest site in validation years (2008‒2010). Statistics shown in the Taylor diagrams are for 940 
daily simulated and observed carbon fluxes of gross primary productivity (GPP), ecosystem respiration (ER) and net 941 
ecosystem-atmosphere exchange of carbon dioxide (NEE), and water vapour fluxes of evapotranspiration (ET). The full site names 942 
of CBM, QYZ, and DHM are referred to the footnotes of Table 1. 943 
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 944 

Figure: 5 Observed and simulated annual carbon fluxes of gross primary productivity (GPP), ecosystem respiration (ER) and net 945 
ecosystem-atmosphere exchange of carbon dioxide (NEE) and water vapour fluxes of evapotranspiration (ET) at three forest sites. 946 
The full site names of CBM, QYZ and DHM are referred to the footnotes of Table 1. The legends in panel a apply for all other 947 
panels. The simulations were provided by the original and modified CNMM-DNDC model. 948 
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 949 

Figure: 6 Sensitivity indexes of modified CNMM-DNDC simulations on gross primary productivity responding to alternations in 950 
individual eco-physiological parameters and model inputs of meteorological variables and soil properties at each site. An index is 951 
given as the mean (a wide bar) and standard deviation (an error bar) of three indexes, each resulted from the simulations for one 952 
year. The parameter name and value for each parameter are referred to Table S2.953 
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 954 

Figure: 7 Sensitivity indexes of modified CNMM-DNDC simulations on ecosystem respiration responding to alternations in 955 
individual eco-physiological parameters and model inputs of meteorological variables and soil properties at each site. An index is 956 
given as the mean (a wide bar) and standard deviation (an error bar) of three indexes, each resulted from the simulations for one 957 
year. The parameter name and value for each parameter are referred to Table S2. 958 
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