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A B S T R A C T   

Accurate estimation of mountain vegetation gross primary productivity (GPP) at fine spatial resolutions offers 
opportunities to better understand mountain ecosystems’ feedback to the global climate system. Eco- 
hydrological models have great advantages in simulating mountain vegetation photosynthesis, but their large- 
scale applications remain challenging at fine spatial resolutions due to the computing resources. In this work, 
a scheme by integrating an eco-hydrological model called Boreal Ecosystem Productivity Simulator-TerrainLab 
(BTL) with the linear and non-linear downscaling processes, was developed to obtain large-scale mountain 
vegetation GPP at the 30 m resolution over four watersheds. Firstly, two coarse spatial resolution GPP were 
simulated by BTL at 480 m and 120 m. Then, the 30 m resolution GPP was estimated by a linear downscaling 
process modelled at 120 m and a non-linear downscaling process modelled from 480 m to 120 m. The 30 m 
resolution BTL-simulated GPP was served as reference for evaluation. Results showed that the Root-Mean- 
Square-Error (RMSE) after downscaling was decreased by 110 gCm-2year− 1 compared to the 120 m resolution 
BTL-simulated GPP (500 gCm− 2 year− 1) at the 30 m resolution, highlighting the effectiveness of the proposed 
scheme in recovering the topographic variations of mountain vegetation GPP at fine spatial resolutions. 
Compared to the 120 m resolution BTL-simulated GPP (351 gCm− 2 year− 1), RMSE after downscaling was 
decreased by 156 gCm− 2 year− 1 at the 120 m resolution, indicating that the proposed scheme is feasible in 
correcting GPP errors at coarse spatial resolutions. More specifically, the non-linear downscaling process was 
observed to effectively improve GPP estimates after linear downscaling, suggesting that the spatial scaling errors 
in coarse estimates should be considered in the downscaling process. Our study indicates that the scheme that 
runs eco-hydrological models at coarse resolutions and then downscales them by surface heterogeneity is a 
practical approach for obtaining large-scale mountain vegetation GPP at fine spatial resolutions.   

1. Introduction 

Comprising approximately 24 % of the terrestrial surface (Kapos 
et al., 2000), mountain ecosystems provide a variety of essential services 
with farreaching effects on the climate system, such as carbon storage 
(Hilton and West, 2020), material resource provisioning (Bandyo-
padhyay et al., 1997), biodiversity conservation (Yang and Xu, 2003), 

and water reservoirs (Viviroli et al., 2011). Over the last century, 
mountain vegetation has been regarded as an essential bio-indicator for 
monitoring the responses of terrestrial ecosystems to climate changes 
(Steinbauer et al., 2018). Accurate estimation of mountain vegetation 
gross primary productivity (GPP, defined as the total atmospheric car-
bon assimilated by vegetation) is crucial to understanding the func-
tioning of mountain ecosystems and their feedback on the global climate 
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system (Chen et al., 2012; Xu et al., 2019; Yuan et al., 2019). 
Currently, GPP can be mainly estimated by eddy covariance (EC) 

technology and remote sensing (RS)-based ecosystem models. The flux 
measurements of carbon, water, and energy are provided by various 
regional EC networks, such as the EUROPEFLUX (Aubinet et al., 2000), 
AsiaFlux (Mizoguchi et al., 2009), CarboAfrica (Henry et al., 2011), 
OzFlux (Beringer et al., 2016), and AMERIFLUX (Novick et al., 2018). 
These regional EC networks usually monitor the carbon exchange at the 
temporal resolution of half-hour (Bhattacharyya et al., 2013), but their 
spatial representation is always limited to several kilometers (Kljun 
et al., 2015). By combining the canopy-scale knowledge of photosyn-
thesis and multi-scale vegetation information from RS observations 
(Xiao et al., 2019), ecosystem models make it feasible to estimate GPP at 
the large scale, which are mainly based on the approaches of machine 
learning (Jung, 2019; Tramontana et al., 2016), light use efficiency 
(LUE) (He et al., 2013; Running et al., 2004; Xiao et al., 2004), vege-
tation index (VI) (Sims et al., 2008; Wu et al., 2011), and process (Chen 
et al., 1999; Foley et al., 1996). 

Over the past decades, ecosystem models for large-scale GPP esti-
mation are always running at medium or coarse spatial resolutions, such 
as the Moderate-resolution Imaging Spectroradiometer (MODIS) GPP 
(Running et al., 2015), Vegetation Photosynthesis Model (VPM) GPP 
(Zhang et al., 2017), Light Response Function (LRF) GPP (Tagesson 
et al., 2021), and Global LAnd Surface Satellite (GLASS) GPP (Liang 
et al., 2021; Yuan et al., 2010). Such coarse or medium GPP datasets 
have been reported to have large uncertainties in mountain ecosystems 
because (1) the ignorance of surface heterogeneity within each coarse or 
medium modelling pixels would lead to obvious spatial scaling errors in 
the final estimates (Ahl et al., 2005; Ershadi et al., 2013; Xie et al., 2022) 
and (2) coarse or medium estimates would potentially lose the topo-
graphic characteristics of mountain vegetation GPP (Robinson et al., 
2018; Wang et al., 2019b). Regarding the first spatial scaling issue, 
previous studies have made efforts to develop several spatial scaling 
algorithms by considering surface heterogeneity (Chen et al., 2013; 
Simic et al., 2004; Xie et al., 2021a), such as the vegetation type, 
vegetation density, and surface topography. Despite these spatial scaling 
algorithms could improve the coarse estimates of vegetation produc-
tivity, they still could not recover the topographic characteristics of 
mountain vegetation GPP, leaving the second issue unsolved. 

Since several satellite sensors could offer fine spatial resolution 
vegetation information, fine spatial resolution vegetation GPP estimates 
can be obtained by directly running ecosystem models at fine spatial 
resolutions. For example, Robinson et al. (2018) executed the MODIS 
GPP algorithm at the 30 m resolution and created an improved dataset 
for the United States. Recently, Huang et al. (2022) also generated the 
global fine resolution of GLASS (Hi-GLASS) GPP dataset by running the 
two-leaf EC-LUE model at the 30 m resolution. By integrating fine spatial 
resolution RS-based information (e.g., Landsat VIs), current fine spatial 
resolution GPP datasets can further depict the effect of vegetation het-
erogeneity on photosynthesis, but neglect the surface topography in the 
carbon modeling process. Limited by the high computing resources, 
almost all the regional or global GPP datasets are generated from LUE- 
based or VI-based approaches, such as the aforementioned MODIS, 
GLASS, and VPM GPP (Huang et al., 2022; Robinson et al., 2018; Zhang 
et al., 2017). LUE-based or VI-based approaches always estimate GPP 
based on each single modeling pixel, while little attention has been paid 
to these ecological processes between pixels, i.e., soil water of higher- 
elevation pixels could move to lower-elevation pixels (Beven et al., 
2021; Chen et al., 2005; Wigmosta et al., 1994). 

In mountain ecosystems, surface topography has an apparent hy-
drological control on the water cycle (Beven et al., 2021; Chen et al., 
2005; Wigmosta et al., 1994), and therefore the stomatal conductance 
(Harris et al., 2004; Jarvis, 1976; Tan et al., 2019), phenological dy-
namics (Band et al., 1993), and photosynthesis (Ju and Chen, 2005; Ju 
et al., 2006). It has been reported that surface topography is as impor-
tant as vegetation heterogeneity in determining the spatial distributions 

of vegetation productivity (Chen et al., 2013). For the above purposes, 
some eco-hydrological models have been developed to characterize the 
interaction between terrestrial carbon and water cycles in mountain 
ecosystems, such as the Boreal Ecosystem Productivity Simulator 
(BEPS)-TerrainLab (Govind et al., 2009) and Catchment Nutrients 
Management Model-DeNitrification-DeComposition Model (Zhang 
et al., 2018). Although such eco-hydrological models have great ad-
vantages in obtaining mountain vegetation GPP, their regional or global 
applications at fine spatial resolutions remain challenging due to the 
complicated model structures. 

Rather than directly running eco-hydrological models at fine spatial 
resolutions, running eco-hydrological models at coarse spatial resolu-
tions and then downscaling these estimates by surface heterogeneity, is a 
potential method to obtain fine spatial resolution mountain vegetation 
GPP at regional or global scales. Over the past decades, various algo-
rithms have been proposed to downscale coarser resolution datasets to 
finer resolutions (Ma et al., 2017a; Ma et al., 2018; Ma et al., 2019b; Ma 
et al., 2017b). However, current spatial downscaling algorithms for 
carbon and water fluxes estimates usually assume that the relationship 
between coarse resolution estimates and surface heterogeneity is uni-
versal at fine spatial resolutions (Ke et al., 2017; Zhao et al., 2018), 
hereafter termed as the linear downscaling process. Such linear down-
scaling algorithms neglect the spatial scaling errors in coarse spatial 
resolution estimates, and therefore adopting these relationships ob-
tained at coarse spatial resolutions to obtain fine spatial resolution es-
timates might have biases. To reduce the uncertainties caused by the 
spatial scaling errors in coarse spatial resolution estimates, it is neces-
sary to improve the linear downscaling process by adding a process 
associated with the non-linear response of photosynthesis to environ-
mental variations across spatial resolutions (hereafter termed the non- 
linear downscaling process). 

Given the above insights, the main objectives of this study are to: (1) 
develop a fine spatial resolution estimation scheme for large-scale 
mountain vegetation GPP by integrating an eco-hydrological model 
with the combination of a linear downscaling process and a non-linear 
downscaling process, and (2) characterize the contributions of linear 
and non-linear downscaling processes in recovering the topographic 
characteristics of mountain vegetation GPP at fine spatial resolutions 
and correcting spatial scaling errors at coarse spatial resolutions. In this 
work, the proposed scheme was evaluated at four mountainous water-
sheds, and the outcomes can provide references for obtaining fine spatial 
resolution mountain vegetation GPP at regional or global scales. 

2. Methodology 

2.1. Description of the mountain vegetation GPP model 

An eco-hydrological model (BEPS-TerrainLab V2.0, BTL) that con-
siders the controls of surface topography on carbon and water cycles 
(Govind et al., 2009), was used to obtain mountain vegetation GPP in 
this work. In BTL, a flow mechanism is adopted to simulate the control of 
surface topography on the movement of groundwater between pixels. 
BTL also designs a four-leaf strategy to calculate the overstory canopy’s 
photosynthesis (Ao), which can be briefly described as: 

Ao = Asun +Ashd (1)  

Asun = Asun,unsat × LAIsun × u+Asun,sat × LAIsun × (1 − u) (2)  

Ashd = Ashd,unsat × LAIshd × u+Ashd,sat × LAIshd × (1 − u) (3)  

where Asun,unsat and Asun,sat are the net photosynthetic rates of the sunlit 
canopy with the states of unsaturated and saturated moisture, respec-
tively; Ashd,unsat and Ashd,sat are the photosynthetic rates of the shaded 
canopy with the states of unsaturated and saturated moisture, respec-
tively; LAIsun and LAIshd are the leaf area index (LAI) of sunlit canopy and 
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shaded canopy, respectively; u is the fraction of roots in the state of 
unsaturated moisture, and thus (1-u) represents the fraction of roots in 
the state of saturated moisture. The net photosynthetic rate of the four 
parts is calculated by a leaf-level model (Farquhar et al., 1980): 

A = min
(
Wc,Wj

)
− Rd (4)  

Wc = Vm
C − Γ

C + Kc(1 + O/Ko)
(5)  

Wj = Jm
C − Γ

4C + 8Γ
(6)  

where Wc and Wj are the gross photosynthetic rates limited by Rubiso 
and RuBP, respectively; Rd indicates the daytime leaf dark respiration; 
Vm and Jm are the maximum rates of carboxylation and electron trans-
port, respectively; C and O are the concentrations of intercellular CO2 
and O2, respectively; Kc and Ko are the Michaelis-Menten constants for 
CO2 and O2, respectively; Γ is the CO2 compensation point without dark 
respiration. More descriptions of BEPS, Terrainlab, and BTL are pro-
vided in Chen et al. (1999), Chen et al. (2005), and Govind et al. (2009), 
respectively. 

2.2. Downscaling-based scheme for obtaining fine spatial resolution 
mountain vegetation GPP 

The proposed downscaling-based scheme for obtaining a 30 m 

resolution mountain vegetation GPP is shown in Fig. 1. According to the 
traditional downscaling method used in previous studies (Ke et al., 
2017; Zhao et al., 2018), if assuming that the response of photosynthesis 
to environmental variations across spatial resolutions is linear, the 
relationship between GPP estimates and surface heterogeneity at coarse 
resolutions is feasible to estimate GPP at fine spatial resolutions 
(denoted as GPPL). Considering the spatial scaling errors in coarse GPP 
estimates (Chen et al., 2013; Simic et al., 2004; Xie et al., 2021a), this 
study makes a step forward to correct the residual biases in GPPL by 
modelling the non-linear response of mountain vegetation photosyn-
thesis to environmental variations (denoted as GPPNL). In this context, 
GPP at the 30 m spatial resolution (i.e., GPP30 L + NL) is separated into a 
linear part (i.e., GPP30 L) and a non-linear part (i.e., GPP30 NL): 

GPP30
L+NL = GPP30

L +GPP30
NL (7) 

The detailed modelling processes of GPP30 L and GPP30 NL can be 
found in the following sections. 

2.2.1. Modelling the linear downscaling process at the 120 m and 480 m 
resolutions 

Firstly, GPP estimate at the spatial resolution of 120 m (i.e., GPP120 
BTL) and 480 m (i.e., GPP480 BTL) is obtained by directly running the 
BTL model. Then, the relationships between BTL-simulated GPP and 
surface heterogeneity at 120 m (i.e., f120 L) and 480 m (i.e., f480 L) are 
modelled by the random forest algorithm: 

Fig. 1. Scheme for obtaining fine spatial resolution mountain vegetation GPP by integrating the BTL model with the combination of linear and non-linear down-
scaling processes. 
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GPP120
BTL = f 120

L

(
X120

veg ,X
120
top ,Xmet

)
(8)  

GPP480
BTL = f 480

L

(
X480

veg ,X
480
top ,Xmet

)
(9)  

where X120 veg and X120 top are the indicators for describing vegetation 
heterogeneity and surface topography at 120 m resolution, respectively; 
X480 veg and X480 top are the indicators for describing vegetation 
heterogeneity and surface topography at 480 m resolution, respectively; 
Xmet represents the climatic indicators, including precipitation (PRE), 
radiation (RAD), and temperature (TEM) at the watershed scale. Based 
on previous studies (Chen et al., 2013; Xie et al., 2021a), this study 
expresses the vegetation heterogeneity by land cover (LC) and LAI, and 
describes the local and long-distance topographical variations by 
elevation, slope, aspect, topographic wetness index (TWI), and sky-view 
factor (SVF). The basis for selecting these factors can be found in Ap-
pendix S1. TWI and SVF can be calculated according to Sorensen et al. 
(2006) and Zaksek et al. (2011): 

TWI = In
(

Facc
tan(S)

)

(10)  

SVF =
1
nd

∑nd

i=1
(1 − sin(hi)) (11)  

where Facc indicates the area of flow accumulation; S is the slope; hi 
represents the angle of vertical altitude; nd indicates the total number of 
directions. 

Random forest is an ensemble-based algorithm by assuming that a set 
of predictors always perform better than an individual predictor (Brei-
man et al., 2001), which has been successfully and widely used in esti-
mating biological parameters, such as GPP (Tramontana et al., 2016), 
LAI (Houborg and McCabe, 2018), soil moisture (Zhao et al., 2018), and 
land surface temperature (Zhao et al., 2019). During the regression 
process, a multitude of decision trees (the number was set as 500 in this 
work) are firstly constructed based on approximately-two-thirds of the 
training sample (i.e., bootstrap samples), and then are un-biasedly 
evaluated against the remaining one-third samples (i.e., ‘out-of-bag’ 
samples). The predicted values of all the individual trees in the “forest” 
are aggregated to obtain the final values. 

2.2.2. Modelling the non-linear downscaling process from 480 m to 120 m 
resolution 

In this step, the linear downscaling process modelled at 480 m res-
olution (i.e., f480 L) is firstly applied to obtain GPP at the 120 m reso-
lution (i.e., GPP120 L): 

GPP120
L = f 480

L

(
X120

veg ,X
120
top ,Xmet

)
(12)  

where X120 veg and X120 top are the indicators for describing vegetation 
heterogeneity and surface topography at 120 m resolution, respectively; 
If the response of photosynthesis to environmental variations across 
spatial resolutions is linear, there should be no bias between GPP120 
BTL and GPP120 L. However, there are inevitable residual biases due to 
the spatial scaling errors, and it can be calculated as: 

GPP120
NL = GPP120

BTL − GPP120
L (13) 

Finally, the relationship between GPP120 NL and the variations of 
surface heterogeneity from 120 m to 480 m (i.e., fNL) is also modelled by 
the random forest algorithm: 

GPP120
NL = fNL

(
X120

veg ,X120
top ,X

480
veg ,X

480
top ,Xmet

)
(14)  

2.2.3. Obtaining GPP at the 30 m resolution by combining the linear and 
non-linear downscaling 

According to the modelling processes associated with linear down-

scaling and non-linear downscaling, the modelled relationships are 
applied to the information of surface heterogeneity at the spatial reso-
lutions of 30 m and 120 m: 

GPP30
L = f 120

L

(
X30

veg,X
30
top,Xmet

)
(15)  

GPP30
NL = fNL

(
X30

veg,X
30
top,X

120
veg ,X120

top ,Xmet

)
(16)  

where X30 veg and X30 top are respectively the indicators for describing 
vegetation heterogeneity and surface topography at the spatial resolu-
tion of 30 m. 

2.3. Experimental design 

2.3.1. Study areas 
As listed in Table 1, the proposed scheme was evaluated at four 

mountainous watersheds, namely CN-WL, JP-MBF, US-GLE, and CN- 
Cha. As shown in Fig. 2, the slope ranges of CN-WL, JP-MBF, US-GLE, 
and CN-Cha are 0-79◦, 0-49◦, 0-54◦, and 0-27◦, respectively. The the 
main vegetation types are needleleaf forest (NF), broadleaf forest (BF), 
mixed forest (MF), shrubland, grass, and crop. 

2.3.2. Data source and processing 
In this work, mainly-five datasets were used to drive the BTL model, 

which can be summarized as (1) the site-based daily meteorological data 
in the four watersheds, including incoming solar radiation, air temper-
ature, and precipitation, (2) 30 m resolution LC maps acquired from 
Gong et al. (2013) and Xie et al. (2021b), (3) 30 m resolution and 8-day 
LAI maps generated from MODIS and Landsat datasets (Xie et al., 2021a; 
Xie et al., 2021b), (4) 30 m resolution elevation, slope, and aspect ac-
quired from the Shuttle Radar Topography Mission Digital Elevation 
Model (SRTM DEM) (van Zyl, 2001), and (5) 250 m resolution soil type 
maps obtained from the Open Land Map (OLM) products (Hengl et al., 
2017). 

Besides the site-based meteorological data, all the other four datasets 
should be firstly prepared at the spatial resolution of 30 m. In the middle 
or coarse spatial resolution simulations of carbon and water fluxes over 
mountainous areas, previous studies always calculate slope and aspect at 
the fine spatial resolution and then aggregated them to coarser resolu-
tions (Zhao et al., 2019). In this study, the soil type maps at the spatial 
resolution of 30 m were obtained from the coarse OLM maps by 
assuming the soil types of subpixels were same to those of the coarse 
pixels. Then, these 30 m resolution input datasets were aggregated to 
two coarse spatial resolutions following that (1) the LC and soil type of 
each 120 m or 480 m pixel were set as the major types of 30 m subpixels 
and (2) LAI, elevation, slope, and aspect were averaged to the 480 m or 
120 m resolution. 

Additionally, the available daily EC GPP estimates obtained from the 
global flux network (Arain and Restrepo-Coupe, 2005; Baldocchi et al., 
2001; Guan et al., 2006; Matsumoto et al., 2008), were also adopted to 
evaluate the BTL model at the JP-MBF, US-GLE, and CN-Cha sites. Since 
CN-WL is a newly established station, the site-based measurements were 
insufficient to obtain reliable tower-based GPP (Wutzler et al., 2018). 
More descriptions of calculating tower-based GPP can be found at the 
website of https://www.bgc-jena.mpg.de. 

2.3.3. Simulation procedure of BTL 
In this work, the key biophysical parameter of BTL named maximum 

carboxylation rate across vegetation types was obtained from He et al. 
(2019), and other biophysical parameters were set following Liu et al. 
(2018). Besides these biophysical parameters, hydrological parameters 
of BTL were set according to the corresponding values in Govind et al. 
(2009). Previous studies associated with the spatial scaling of vegetation 
productivity were always conducted by annual values (Chen et al., 2013; 
Simic et al., 2004). In this work, all the GPP estimates from BTL were 
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simulated at a daily step, and then aggregated to annual values to 
perform the downscaling process. 

2.3.4. Validation of the proposed scheme 
EC technology could provide reliable carbon flux measurements, and 

thus EC GPP has been widely used to evaluate GPP estimates from 
various models over the past decades (Guan et al., 2021; Running et al., 
2004; Zhang et al., 2017). To validate the proposed scheme, the GPP 
estimates obtained by running the BTL model at the 30 m resolution 
were served as the reference GPP (i.e., GPP30 BTL), and the reference 
GPP was firstly evaluated against daily EC GPP. 

With regards to the effectiveness of the proposed downscaling-based 
scheme in recovering the topographic features of mountain vegetation 
GPP at the 30 m resolution, relationships between reference GPP and (1) 
120 m resolution BTL-simulated GPP (resampled to 30 m resolution by 
assuming the values of subpixels were same to those of the coarse 
pixels), (2) GPP after linear downscaling, and (3) GPP after linear and 
non-linear downscaling were adopted as evaluation indicators. To 
further assess the advantage of the proposed scheme in correcting spatial 
scaling errors, relationships between aggregated reference GPP and (1) 
120 m resolution BTL-simulated GPP (or aggregated to the 480 m res-
olution), (2) aggregated GPP after linear downscaling, and (3) aggre-
gated GPP after linear and non-linear downscaling were also compared 
at 120 m and 480 m resolutions. In the above comparisons, the agree-
ment index (d), Root-Mean-Square-Error (RMSE), and Mean-Absolute- 
Error (MAE) were selected as the indicators: 

d = 1 −
∑N

j=1

(
Pj − Oj

)2

∑N
j=1

( ⃒
⃒Pj − O

⃒
⃒+

⃒
⃒Oj − O

⃒
⃒
)2 (17)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

j=1

(
Pj − Oj

)2

√
√
√
√ (18)  

MAE =
1
N

∑N

i=1

⃒
⃒Pj − Oj

⃒
⃒ (19)  

where N is the total number of 30 m, 120 m, or 480 m resolution pixels; 
O is the reference GPP at 30 m resolution, aggregated reference GPP at 
120 m resolution, or aggregated reference GPP at 480 m resolution; P is 
the 120 m resolution BTL-simulated GPP, GPP after linear downscaling, 
and GPP after linear and non-linear downscaling prepared at 30 m, 120 
m, and 480 m resolutions;‾O is the mean value of O. 

3. Results and analysis 

3.1. Relationships between EC GPP and GPP estimates 

Relationships between EC GPP and BTL-simulated GPP at the JP- 
MBF, US-GLE, and CN-Cha sites are presented in Fig. 3. Results 
showed that daily BTL-simulated GPP at the 30 m resolution had good 
relationships with EC GPP, characterized by d values of 0.83–0.96 and 
RMSE values of 0.59–2.76 gC m− 2 day− 1. Compared to the BTL- 
simulated GPP estimates at the spatial resolution of 120 m, BTL- 
simulated GPP estimates at the spatial resolution of 30 m were 
observed to match better with EC GPP, with the d values increased by 
0.02 to 0.12 and the RMSE values decreased by 0.04 to 0.87 gC m− 2 

day− 1. 

3.2. Evaluation of the RF algorithm in modeling linear and non-linear 
relationships 

Relationships between 120 m resolution BTL-simulated GPP and RF- 
trained GPP are presented in Fig. 4. Results showed that RF-trained GPP 
from the linear modeling process had a good relationship with the 120 m 
resolution BTL-simulated GPP, characterized by d, RMSE, and MAE 
values of 0.96, 119, and 83 gC m− 2 yr− 1. As for the combination of linear 
and non-linear modeling processes, RF-trained GPP also matched well 
with the 120 m resolution BTL-simulated GPP, characterized by d, 
RMSE, and MAE values of 0.98, 98, and 66 gC m− 2 yr− 1. Compared the 
linear modeling process, the combination of linear and non-linear 
modeling processes was observed to achieve a slight better perfor-
mance, with RMSE and MAE values decreased by 21 and 17 gC m− 2 yr− 1. 

Table 1 
Descriptions of selected watersheds in this work.  

Name Latitude 
(◦) 

Longitude 
(◦) 

Areas 
(km2) 

Study 
year 

Percentage of main vegetation types (%) 

NF BF MF Shrub Grass Crop 

CN-Wla  33.005  104.033  272.14 2020  28.55  1.54  12.98  7.24  27.49  0.00 
JP-MBFb  44.387  142.319  151.14 2005  19.77  40.57  19.48  0.00  16.11  4.06 
US-GLEc  41.367  − 106.24  195.64 2010  76.95  0.70  0.07  0.01  21.79  0.07 
CN-Chad  42.403  128.096  114.26 2005  10.49  23.22  64.64  0.01  0.51  0.11  

a Xie et al. (2021b). 
b Matsumoto et al. (2008). 
c Arain and Restrepo-Coupe (2005). 
d Guan et al. (2006). 

Fig. 2. Spatial distributions of slope over the (a) CN-WL, (b) JP-MBF, (c) US-GLE, and (d) CN-Cha watersheds.  
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3.3. Comparisons of GPP estimates at the spatial resolution of 30 m 

The spatial distributions of reference GPP and GPP after linear and 
non-linear downscaling at the 30 m resolution over the CN-WL water-
shed (Sub-Fig. 5 Aa-Ba) are presented as an example. As shown in Sub- 
Fig. 5Cb, 120 m resolution BTL-simulated GPP was observed to lose the 
most detailed characteristics over the whole watershed, and the major 
pixels with high values showed an obvious underestimation. After 
applying the linear and non-linear downscaling processes, the GPP es-
timates were observed to recover the major topographic features at the 
watershed scale, and the phenomenon of underestimation was 
alleviated. 

The 30 m resolution relationships between reference GPP and 120 m 
resolution BTL-simulated GPP, GPP after linear downscaling, and GPP 
after both the linear and non-linear downscaling are illustrated in Sub- 
Fig. 6 Aa, Ba, and Ca. As for all the pixels over the four watersheds, the d, 
RMSE, and MAE values between reference GPP and 120 m resolution 
BTL-simulated GPP were 0.69, 500, and 341 gC m− 2 year− 1, respec-
tively. The d, RMSE, and MAE values were improved (1) by 0.07, 91, and 
53 gC m− 2 year− 1 after the linear downscaling and (2) by 0.13, 110, and 
63 gC m− 2 year− 1 after both the linear and non-linear downscaling, in 
comparisons with the 120 m resolution BTL-simulated GPP estimates. 

The d values between reference GPP and 120 m resolution BTL- 
simulated GPP, after linear downscaling, and after both the linear and 
non-linear downscaling across vegetation types are listed in Table 2. At 

the 30 m resolution, the d values of 120 m resolution BTL-simulated GPP 
in forest, shrub, grass, and crop pixels were 0.65, 0.70, 0.82, and 0.72, 
respectively. After applying the linear downscaling process, the d values 
of GPP estimates in forest, shrub, grass, and crop pixels were increased 
by 0.05, 0.13, 0.10, and 0.14, respectively. After applying both the 
linear and non-linear downscaling processes, the d values of GPP esti-
mates in forest, shrub, grass, and crop pixels were increased by 0.12, 
0.17, 0.12, and 0.17, respectively. Compared to the single linear 
downscaling, the combination of linear and non-linear downscaling 
processes increased the d values by 0.07, 0.04, 0.02, and 0.03 in forest, 
shrub, grass, and crop pixels. 

3.4. Comparisons of GPP estimates at the spatial resolutions of 120 m and 
480 m 

The spatial characteristics of aggregated reference GPP, 120 m res-
olution BTL-simulated GPP (or aggregated to the 480 m resolution), 
aggregated GPP after linear downscaling, and aggregated GPP after 
linear and non-linear downscaling at the 120 m resolution (Sub-Fig. 5 
Ab-Cb) and 480 m resolution (Sub-Fig. 5 Ac-Cc) over the CN-WL 
watershed are presented as an example. At the 120 m and 480 m reso-
lutions, 120 m resolution BTL-simulated GPP showed a similar spatial 
distribution to the reference GPP in low values, while an apparent 
spatial difference with reference GPP was observed in high values. The 
GPP estimates were observed to increase in the high values after 

Fig. 3. Relationships between EC GPP (i.e., GPPEC) and BTL-simulated GPP at (a) JP-MBF, (b) US-GLE, and (c) CN-Cha sites. Green and red represent the mean values 
of the central 1.5 km pixels in the daily BTL-simulated GPP at the spatial resolutions of 30 m (GPP30 BTL) and 120 m (GPP120 BTL), respectively. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 4. Relationships between 120 m resolution BTL-simulated GPP and RF-trained GPP. Subfigures (a) and (b) represent the linear modeling and the linear and non- 
linear modeling, respectively. 
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applying both the linear and non-linear downscaling processes. 
The pixel-based GPP comparisons at the 120 m resolution are shown 

in Sub-Fig. 6 Ab-Cb. results showed that 120 m resolution BTL-simulated 
GPP had a moderate relationship with reference GPP, characterized by 
the d, RMSE, and MAE values of 0.80, 351, and 256 gC m− 2 year− 1. After 
applying the linear downscaling process, GPP estimates were found to 
match better with the reference GPP, with d, RMSE, and MAE values 
were improved by 0.08, 106, and 81 gC m− 2 year− 1 at the 120 m res-
olution. GPP estimates after applying both the linear and non-linear 
downscaling processes were observed to match best with reference 
GPP at the 120 m resolution, with d, RMSE, and MAE values were 
improved by 0.14, 156, and 114 gC m− 2 year− 1, compared to the 120 m 
resolution BTL-simulated GPP. The GPP comparisons at the 480 m res-
olution are illustrated in Sub-Fig. 6 Ac-Cc. The d, RMSE, and MAE values 
between reference GPP and 120 m resolution BTL-simulated GPP at the 
480 m resolution were 0.88, 235, and 178 gC m− 2 year− 1, respectively. 
Compared to the 120 m resolution BTL-simulated GPP estimates, the d, 
RMSE, and MAE values were improved (1) by 0.02, 29, and 23 gC m− 2 

year− 1 after the linear downscaling and (2) by 0.08, 92, and 72 gC m− 2 

year− 1 after both the linear and non-linear downscaling at the 480 m 
resolution. 

As listed in Table 2, at the 120 m resolution, the d values of 120 m 
resolution BTL-simulated GPP in forest, shrub, grass, and crop pixels 
were 0.77, 0.81, 0.93, and 0.88, respectively. After applying the linear 

downscaling process, the d values of GPP estimates in forest, shrub, 
grass, and crop pixels were increased by 0.07, 0.13, 0.05, and 0.09, 
respectively. After applying both the linear and non-linear downscaling 
processes, the d values in forest, shrub, grass, and crop pixels were 
increased by 0.15, 0.15, 0.05, and 0.09, respectively. At the 120 m 
resolution, the combination of linear and non-linear downscaling pro-
cesses increased the d values by 0.08 and 0.02 in forest and shrub pixels, 
compared to the single linear downscaling. 

3.5. Contributions of linear and non-linear downscaling processes across 
topographic conditions 

The d values between reference GPP and 120 m resolution BTL- 
simulated GPP, GPP after linear downscaling, and GPP after linear and 
non-linear downscaling in different slope ranges are summarized in 
Table 3 and Fig. 7. In different slope ranges, d values of 120 m resolution 
BTL-simulated GPP, GPP after linear downscaling, and GPP after linear 
and non-linear downscaling ranged from 0.64 to 0.77, 0.70–0.89, and 
0.77–0.91, respectively. Results also showed that d between reference 
GPP and 120 m resolution BTL-simulated GPP increased when the slope 
varied from 0◦ to 30◦, and presented similar values in the slope ranges of 
30◦–50◦. After applying the linear downscaling process, d was decreased 
by 0.06–0.12, which usually showed a higher value with an increase in 
slope. After applying both the linear and non-linear downscaling 

Fig. 5. Spatial distributions of (Aa-Ac) reference GPP, (Ba-Bc) GPP after linear and non-linear downscaling, (Cb-Cc) 120 m resolution BTL-simulated GPP over the 
CN-WL watershed. The first, second, and third rows are represented at the 30 m, 120 m, and 480 m resolutions, respectively. 
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processes, d was further decreased by 0.02–0.07 (compared to the single 
linear downscaling process), which showed a lower improvement with 
an increase in slope. 

4. Discussion 

4.1. Effectiveness of the proposed scheme in obtaining fine spatial 
resolution mountain vegetation GPP 

Generally, the performances of linear downscaling process at the 

Fig. 6. Relationships between reference GPP and (Aa- 
Ac) 120 m resolution BTL-simulated GPP, (Ba-Bc) GPP 
after linear downscaling, and (Ca-Cc) GPP after linear 
and non-linear downscaling in all pixels over the CN- 
WL, JP-MBF, US-GLE, and CN-Cha watersheds. The 
first, second, and third rows are compared at the 30 
m, 120 m, and 480 m resolutions, respectively. In the 
comparison at the 30 m resolution, 120 m resolution 
BTL-simulated GPP was resampled to 30 m resolution 
by assuming that all the subpixels have the same value 
with the corresponding coarse pixel.   

Table 2 
Agreement index (d) values between reference GPP and 120 m resolution BTL- 
simulated GPP, GPP after linear downscaling, and GPP after linear and non- 
linear downscaling across vegetation types over the CN-WL, JP-MBF, US-GLE, 
and CN-Cha watersheds. Agreement index were calculated at the 30 m and 
120 m.  

GPP type Vegetation type Agreement index (d) 

30 m 120 m 

120 m resolution BTL-simulated GPP Forest  0.65  0.77 
Shrub  0.70  0.81 
Grass  0.82  0.93 
Crop  0.72  0.88 
ALL  0.69  0.80  

After linear downscaling Forest  0.70  0.84 
Shrub  0.83  0.94 
Grass  0.92  0.98 
Crop  0.86  0.97 
ALL  0.76  0.88  

After linear and non-linear downscaling Forest  0.77  0.92 
Shrub  0.87  0.96 
Grass  0.94  0.98 
Crop  0.89  0.97 
ALL  0.82  0.94  

Table 3 
Agreement index (d) between reference GPP and 120 m resolution BTL- 
simulated GPP, GPP after linear downscaling, and GPP after linear and non- 
linear downscaling in different slope ranges at the 30 m resolution over the 
CN-WL, JP-MBF, US-GLE, and CN-Cha watersheds.  

Slope 
(◦) 

Agreement index (d)a 

120 m resolution 
BTL-simulated 
GPP 

After linear 
downscaling 

After linear and 
non-linear 
downscaling 

0–10  0.64  0.71  0.77 
10–20  0.64  0.70  0.77 
20–30  0.69  0.77  0.83 
30–40  0.77  0.87  0.90 
40–50  0.77  0.89  0.91  

a Calculated in each slope range when its total pixel number greater than 500. 
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spatial resolutions of 30 m, 120 m, and 480 m were expected because the 
effect of vegetation heterogeneity, local topographical variations, and 
long-distance topographical variations on photosynthesis at the water-
shed scale is still preserved in the 120 m and 480 m resolution GPP 
estimates. Vegetation heterogeneity has been reported as a determining 
factor in photosynthesis characteristics associated with vegetation types 
(He et al., 2019; Jung et al., 2007; Park et al., 2019; Xiao et al., 2011) 
and the capacity of vegetation photosynthesis related to canopy density 
and structure (Chen and Black, 1992; Fang et al., 2019). Topographical 
variations are important in regulating the incoming solar radiation (Yan 
et al., 2018), movement of the saturated subsurface base flows cycle 
(Beven et al., 2021; Chen et al., 2005; Wigmosta et al., 1994), and 
therefore the water availability of vegetation (Ju and Chen, 2005; Ju 
et al., 2006). The finer spatial resolution that the linear downscaling 
process is modelled at, the better performance of the linear downscaling 
process would be. 

The linear downscaling process was modelled by assuming that the 
relationship between coarse resolution estimates and surface heteroge-
neity is universal at fine spatial resolutions, which is widely adopted in 
current spatial downscaling algorithms for the estimates of carbon and 
water fluxes (Ke et al., 2017; Zhao et al., 2018). Although the influence 
of surface heterogeneity on photosynthesis at the watershed scale is 
preserved in the 120 m and 480 m resolution GPP estimates, the igno-
rance of surface heterogeneity within modelling pixels has been re-
ported to cause obvious spatial scaling errors in these coarse resolution 
estimates (Ahl et al., 2005; Ershadi et al., 2013; Moorcroft et al., 2001). 
Therefore, GPP estimates after the linear downscaling process might still 
have biases. For this need, this work innovatively proposed a non-linear 
downscaling process by the relationships between GPP estimates at the 
120 m resolution and the variations of surface heterogeneity from 480 m 
to 120 m. Compared to the single linear downscaling, the combination of 
linear and non-linear downscaling processes was observed to achieve a 
larger improvement of GPP estimates at the spatial resolutions of 30 m, 
120 m, and 480 m, because the non-linear downscaling effectively 
reduced the spatial scaling errors by integrating the variations of vege-
tation heterogeneity, local topographical variations, and long-distance 
topographical variations from 120 m to 30 m. For example, Simic 
et al. (2004) developed a spatial scaling algorithm associated with the 
spatial information of LAI and LC to correct coarse resolution net pri-
mary productivity (NPP) estimates. Based on the effectiveness of 
endogenous heterogeneity, Chen et al. (2013) further improved the 
spatial scaling algorithm by adding the local topographical variations (i. 
e., elevation and slope). Xie et al. (2021a) also moved forward to inte-
grate the algorithm of Chen et al. (2013) with the subpixel information 
of long-distance topographical variations (i.e., SVF and TWI). In this 
work, the non-linear downscaling was modelled from 480 m to 120 m 
resolution, which might lose the capacity to describe the hydrological 
control of surface topography from 120 m to 30 m. If the non-linear 

downscaling was modelled at a finer spatial resolution, the proposed 
downscaling-based scheme would achieve a better performance. 

Overall, results showed that the scheme proposed in this work could 
effectively recover the topographic features of mountain vegetation GPP 
at the 30 m resolution and correct GPP spatial scaling errors at the 
spatial resolutions of 120 m and 480 m. After applying the proposed 
scheme, a larger improvement was observed in the grass, shrub, and 
crop pixels than in the forest pixels, because herbaceous vegetation 
might be more sensitive to surface topography. Previous studies 
revealed that water availability has an obvious effect in herbaceous 
vegetation (e.g., grass) (Knapp and Smith, 2001; Liu et al., 2016; Wu 
et al., 2015). Generally, water storage of the herbaceous vegetation (e.g., 
grass and shrub) always depends on the quantity of leaf, whereas the 
woody vegetation can obtain water from deep groundwater. 

4.2. Suggestions for obtaining fine spatial resolution mountain vegetation 
GPP at large scale 

Over the last five years, several global vegetation GPP datasets at the 
30 m resolution have been generated by executing the GPP models with 
the RS-based vegetation information at fine spatial resolutions (Huang 
et al., 2022; Robinson et al., 2018). However, almost all the regional or 
global GPP datasets are obtained from LUE-based or VI-based ap-
proaches. These approaches always estimate GPP without the consid-
eration of surface topography, leading to biases in mountain ecosystems 
due to the ignored hydrological control of surface topography on the 
water cycle (Beven et al., 2021; Chen et al., 2005; Wigmosta et al., 1994) 
and therefore the photosynthesis (Ju and Chen, 2005; Ju et al., 2006). 
Eco-hydrological models are scientific tools to address the interaction 
between carbon and water cycles in mountain ecosystems (Govind et al., 
2009; Zhang et al., 2018), whereas their regional or global applications 
at fine spatial resolutions remain difficult due to the complicated model 
structures. Previous studies have made efforts to modify LUE-based and 
VI-based models to improve mountain vegetation GPP estimation (Xie 
and Li, 2020a,b), but the understanding of multiple ecological in-
teractions between surface topography and vegetation photosynthesis in 
these modified models is not as plentiful as that in the eco-hydrological 
models. 

To develop a general approach that are of interest to carbon 
modelling in mountain ecosystems, the main purpose of this work is to 
find an effective way to obtain fine spatial resolution mountain vege-
tation GPP: (1) the used ecosystem models should have the full ability to 
describe hydrological control of surface topography on vegetation 
photosynthesis, (2) the computing resources in the large-scale simula-
tions should be low, and thus it can be easily implemented, and (3) the 
uncertainties in these fine spatial resolution mountain vegetation GPP 
estimates should be as low as possible under the above situation of low 
computing resources. To meet the above requirements, this study firstly 

Fig. 7. Relationships between slope and agreement index difference of GPP after (a) the linear downscaling compared to 120 m resolution BTL-simulated GPP and 
(b) non-linear downscaling compared to GPP after linear downscaling at the 30 m resolution over the CN-WL, JP-MBF, US-GLE, and CN-Cha watersheds. 
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suggested a scheme that runs eco-hydrological models at coarse spatial 
resolutions and then downscales these coarse estimates by surface het-
erogeneity, which is a feasible approach for obtaining fine spatial res-
olution mountain vegetation GPP at large scale. 

4.3. Existing limitations in current work 

In this work, the random forest algorithm was adopted to model the 
linear downscaling process and the non-linear downscaling process. It 
should be noted that the construction of the linear and non-linear 
downscaling models was restricted to those covered by surface charac-
teristics at the spatial resolutions of 480 m and 120 m. For example, if 
the coarse resolution pixels used in the construction of downscaling 
models are all in low slopes, the random forest algorithm would show 
uncertainties for the 30 m resolution pixels with very high slopes (e.g., 
>70◦). Previous studies also indicated that sufficient pixels under 
different topographic characteristics are necessary to construct accurate 
regression models (Hutengs and Vohland, 2016). In this work, the mean 
values of GPP estimates within the central 1.5 × 1.5 km area at tower 
sites were compared with EC GPP. A previous study has suggested that 
the direct use of RS LAI data in ecosystem models would lead to an 
underestimation in annual GPP (Wang et al., 2019a). GPP directly 
simulated at 30 m resolution had a lower value than EC GPP in this 
work, which might be caused by the direct use of current RS LAI. 
Actually, footprint variation could lead to both over and under estima-
tions of carbon flux due to various wind directions and surface hetero-
geneity, and more consideration should be given to the flux footprint in 
the future. 

The environmental factors are very necessary in the GPP down-
scaling process. Three climatic indicators, including precipitation, ra-
diation, and temperature, were obtained from site-based data and then 
were used in the proposed scheme. As current multiple gridded climatic 
datasets could provide valuable environmental information at large- 
scale (Ma et al., 2019a; Ma et al., 2022; Ma et al., 2020), future work 
should adopt them to obtain mountain vegetation GPP, especially in 
these areas without site-based climatic measurements. 

5. Conclusion 

Accurate estimation of mountain vegetation GPP is crucial to un-
derstanding the functioning of mountain ecosystems. Eco-hydrological 
models are scientific tools to simulate the interaction between terres-
trial carbon and water cycles in mountain ecosystems, whereas their 
regional or global applications at fine spatial resolutions remain chal-
lenging due to the complicated model structures. To overcome the high 
computing resources of directly running eco-hydrological models at fine 
spatial resolutions, a scheme by integrating an eco-hydrological model 
with a linear downscaling process modelled at the spatial resolution of 
120 m and a non-linear downscaling process modelled from 480 m to 
120 m resolution, was developed to obtain mountain vegetation GPP at 
the spatial resolution of 30 m. The GPP estimates obtained by running 
the BTL model at the 30 m resolution were served as the reference GPP 
to evaluate the proposed scheme. The main conclusions can be illus-
trated as:  

(1) At the 30 m resolution, results showed that RMSE was decreased 
by 110 gC m− 2 year− 1 after the combination of linear and non- 
linear downscaling processes compared to the 120 m resolution 
BTL-simulated GPP (RMSE = 500 gC m− 2 year− 1), highlighting 
the effectiveness of the proposed downscaling-based scheme in 
recovering the topographic variations of mountain vegetation 
GPP at fine spatial resolutions.  

(2) At the 120 m resolution, RMSE was observed to decrease by 156 
gC m− 2 year− 1 after the combination of linear and non-linear 
downscaling processes compared to the 120 m resolution BTL- 
simulated GPP (RMSE = 351 gC m− 2 year− 1), suggesting that 

the proposed downscaling-based scheme is feasible in correcting 
GPP errors at coarse spatial resolutions.  

(3) The non-linear downscaling process was observed to effectively 
improve these GPP estimates after linear downscaling, indicating 
that the spatial scaling errors in coarse estimates should be 
considered in the current downscaling algorithm of vegetation 
productivity. 
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