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A B S T R A C T   

As one of the most dynamic aspects of global environmental change, land cover change (LCC) has a profound 
impact on terrestrial carbon sequestration. However, LCC-induced carbon fluxes are still the most uncertain 
terms in global and regional carbon budgets. Ecosystem gross primary production (GPP) is the total carbon 
uptake by vegetation through photosynthesis, serving as a major control on ecosystem function and land carbon 
balance during and after the modification of the land surface. However, accurately capturing LCC-induced GPP 
changes requires both high-quality land cover data and controlling for variation driven by other environmental 
factors such as climate. In this study, we comprehensively examined the effects of LCC on annual GPP trends over 
the conterminous United States (CONUS) from 2001 to 2016 using the USGS National Land Cover Database, a 
remote sensing-driven ecosystem model, and the Google Earth Engine cloud computing platform. We designed a 
series of model experiments to identify LCC effects on GPP by controlling climate effects. During the study 
period, LCC exerted a strong negative effect on total GPP across the CONUS ([-2.2, -1.8] Tg C yr− 2), while climate 
had smaller positive effects ([0.17, 0. 92] Tg C yr− 2). The LCC-induced reduction of GPP was mainly caused by 
net forest loss ([-1.98, -1.39] Tg C yr− 2) and urban expansion ([-2.03, -1.92] Tg C yr− 2), but was partially offset 
by increases in crop area ([+0.66, +0.79] Tg C yr− 2). Ensemble simulations from TRENDY did not capture the 
strong negative LCC influences on GPP, likely due to limitations of the adopted land use/cover data. Our study 
provides a novel perspective on LCC-induced GPP changes, which could help to improve our understanding of 
ecosystem function changes and constrain the estimation of land carbon balance in the context of anthropogenic 
activity and climate change.   

1. Introduction 

Land cover change (LCC) caused by anthropogenic activity through 
land use change and natural disturbances represents one of the most 
dynamic aspects of global environmental change, which has profound 
impacts on land carbon sequestration in the context of climate change 
(Foley, 2005; Pielke, 2005; Zhang et al., 2019; Piao et al., 2020). The 

terrestrial biosphere acts as a major carbon sink in the global carbon 
cycle (Falkowski et al., 2000), potentially offsetting one third of fossil 
fuel emissions (Le Quéré et al., 2018; Friedlingstein et al., 2019). 
However, an equivalent of about half of the total land carbon sink is 
reemitted back into the atmosphere through LCC primarily related to 
deforestation (Friedlingstein et al., 2019). After fossil fuel emissions, 
LCC is the second largest contributor of anthropogenic emissions to the 
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atmosphere. Nevertheless, compared to fossil fuel emissions and other 
components of the global carbon budget, LCC-induced carbon emissions 
are associated with the highest uncertainty (Houghton et al., 2012; 
Sitch et al., 2015; Arneth et al., 2017; Friedlingstein et al., 2019). 

Ecosystem gross primary production (GPP) is the total carbon uptake 
by vegetation through photosynthesis (Beer et al., 2010), serving as a 
primary regulator of the land carbon balance by offsetting potential 
carbon releases during and after LCC (Hansis et al., 2015). Therefore, 
constraining LCC-induced GPP change could provide a better under
standing of ecosystem function (Anav et al., 2015; Zhang et al., 2014, 
2019) and further reduce uncertainties in global and regional carbon 
balances (Erb et al., 2013; Arneth et al., 2017). This goal is also aligned 
with recently renewed efforts to understand the role of LCC in imple
menting “natural climate solutions” (Griscom et al., 2017; Fargione 
et al., 2018). 

While globally important, LCC typically occurs locally and across 
various vegetation types and climate zones (Sleeter et al., 2013). Pre
cisely quantifying the influence of LCC on GPP relies on robust 
ecosystem models with spatially explicit land cover data that can 
characterize the type, location, extent, and frequency of LCC at fine 
spatial scales. Global or national-scale LCC-induced carbon fluxes are 
usually estimated in a simplified manner through bookkeeping models 
(Coulston et al., 2015; Friedlingstein et al., 2019), which incorporate 
straightforward carbon accounting methods based on forest inventory, 
agricultural statistical and/or social census data (e.g., FAOSTAT; http:// 
www.fao.org/faostat). Consequently, they do not include transient re
sponses of ecosystems to environmental changes and most of them lack 
spatial details of land use/cover change influences (Houghton et al., 
2012; Pongratz et al., 2014; Obermeier et al., 2021). Meanwhile, 
process-based dynamic global vegetation models (DGVMs) have been 
used to quantify LCC effects on GPP, for example, based on century-long 
harmonized land use data (e.g., HYDE, LUH2, Anav et al., 2015; Arneth 
et al., 2017). Although DGVMs can simulate carbon dynamics with 
detailed biogeochemical processes, the demand for sophisticated 
high-quality model inputs is usually hard to satisfy and their operational 
spatial resolutions (0.25◦ - 1◦) are usually too coarse to evaluate the 
effects of fine-scale LCC (Anav et al., 2015; Bastos et al., 2020). Conse
quently, comparisons of simple bookkeeping models against 
process-based models (e.g., TRENDY; Sitch et al., 2015) still reveal large 
discrepancies in the estimation of LCC-induced carbon fluxes (Fried
lingstein et al., 2019; Bastos et al., 2020; Harris et al., 2021). 

Satellite observations allow near real-time, large-scale monitoring of 
land surface conditions (Song et al., 2015), facilitating not only the 
derivation of high frequency land cover information (ESA, 2017; Dan
nenberg et al., 2018; Sulla-Menashe et al., 2019) but also vegetation 
status during or after disturbances (Frolking et al., 2009; Didan et al., 
2015). Remote sensing driven ecosystem models, such as those derived 
from light-use efficiency theory, provide an alternative approach for 
quantifying fine-scale LCC-induced GPP change (Zhang et al., 2014). 
Combined with fine-resolution land cover datasets, such as those pro
vided by the USGS National Land Cover Database (NLCD) (Homer et al., 
2020), these models have the potential to better constrain LCC-induced 
changes in GPP at the scale at which LCC occurs (i.e., local to regional 
scales). 

The conterminous United States (CONUS) possesses diverse ecosys
tems and heterogenous landscapes but has experienced intensive LCC 
related to anthropogenic and natural disturbance over the past two 
decades (Dannenberg et al., 2018; Homer et al., 2020). However, the 
patterns, magnitudes, and rates of LCCs and their corresponding in
fluences on carbon fluxes remain debatable (Arneth et al., 2017; Yu 
et al., 2019; Liu et al., 2020). For example, the national inventory data of 
FAOSTAT and global harmonized land cover data (Hurtt et al., 2017) 
showed an increase of total forest area but a decrease of cropland area 
over the CONUS since 2001, which contradict remote sensing-based 
observations (Hansen et al., 2013; ESA, 2017; Li et al., 2018). Accord
ingly, the land carbon sink over the CONUS may be largely 

overestimated without critical fine-scale LCC information (Liu et al., 
2020) or even turned to carbon source after accounting for more accu
rate LCC information (Yu et al., 2019). 

The NLCD provides more than two decades of comprehensive land 
cover information at a 30-m spatial resolution over the CONUS (Fry 
et al., 2008; Yang et al., 2018). However, early versions of the NLCD are 
not quite suitable for LCC analysis due to data inconsistency (i.e., before 
and after 2000), relative low cyclical updates, and a short accumulation 
period (e.g., only a decade for NLCD 2011 with a five-year interval) (Fry 
et al., 2008; Homer et al., 2015). The recent release of NLCD (2016) 
represents a next generation NLCD product with a consistent 
multi-temporal land cover database at 2-3-year intervals since 2001 
(Yang et al., 2018). Thus, the newly updated NLCD provides a chance to 
re-evaluate the status of LCC over the CONUS and its contributions to 
changes in land carbon fluxes. 

Here, we assimilated the newly released NLCD into a remote sensing- 
driven ecosystem model in Google Earth Engine (GEE) to examine the 
spatiotemporal patterns of LCC over the CONUS and further isolate the 
effects of LCC on annual GPP trends from climate change and variability 
using factorial model simulations. Specifically, we addressed four sci
entific questions: (1) What were the spatial/temporal patterns of LCC 
over the CONUS from 2001 to 2016? (2) How did LCC affect terrestrial 
GPP at national/regional scales and by LCC type? (3) How different were 
the influences of LCC compared to those from climate variability and 
change? (4) To what extent did ensemble model simulations from 
TRENDY capture LCC-induced GPP changes identified in the analysis of 
the NLCD database? By answering these questions, our study would offer 
a novel perspective on the dominant modes of LCC-driven GPP change 
across the CONUS, beyond which informing model predictions is also 
highly relevant for ongoing efforts to sustain the US terrestrial carbon 
sink. 

2. Materials and Methods 

2.1. CCW model 

We used the Coupled Carbon and Water (CCW) model to estimate the 
respective effects of LCC and climate change on GPP. The CCW is a 
recently developed diagnostic ecosystem model based on global eddy 
flux tower and remote sensing data (Zhang et al., 2016, 2019). In CCW, 
GPP is estimated as the product of absorbed photosynthetically active 
radiation (APAR) and realized LUE (E ) that varies with vegetation type 
and climate based on light-use efficiency (LUE) theory: 

GPP = APAR × E = (PAR×FPAR) × εpot × f (E) (1)  

where PAR is the incident photosynthetically active radiation (MJ m− 2), 
which is assumed to be 45% of the total short-wave radiation; FPAR is 
the fraction of PAR absorbed by plants, which is linearly related to 
remote sensing-based normalized difference vegetation index (NDVI) 
(Sims et al., 2005); εpot (g C MJ− 1) is the potential LUE without envi
ronmental stresses; and f(E) represents scalar functions that reduce LUE 
in responses to environmental stress. CCW accounts for environmental 
stress effects from diffuse radiation (Rs), temperature (Ts) and water 
stresses (Ws): 

f (E) = Rs × Ts × Ws (2)  

Rs = 1 − K1 × CI (3)  

Ts =
(T − Tmin) × (T − Tmax)

(T − Tmin) × (T − Tmax) −
(
T − Topt

)2 (4)  

Ws = e− K2×(VPD− VPDmin) (5)  

where CI is a clear-sky index (defined as the ratio of actual radiation to 
clear-sky radiation); K1 is a diffuse light response parameter in which a 
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smaller K1 indicates a stronger influence of diffuse radiation on LUE; T is 
the monthly mean air temperature; Tmin, Tmax and Topt are the minimum, 
maximum and optimal air temperatures for photosynthetic activity, 
respectively; VPD is the monthly vapor pressure deficit (hPa); K2 is a 
moisture sensitivity parameter, whereby a higher K2 indicates a larger 
reduction of LUE in response to VPD; and VPDmin is the minimum VPD 
above which moisture stress starts to take effect. Ws is set to 1.0 when 
the VPD is lower than VPDmin. 

The parameters εpot, Tmin, Tmax, Topt, K1, and K2 are biome-specific 
(Table S1) and have been calibrated based on global flux tower data 
from FLUXNET2015 and remote-sensing based NDVI from MODIS-C6 
(Zhang et al., 2019). Additional details about the theoretical frame
work and model validation at multiple levels (i.e., site-, biome- and 
spatial-levels) can be found in previous studies (Zhang et al., 2016, 
2019). Overall, CCW explained 71% of the variation in tower-based GPP 
with a root-mean-square error of 2.0 g C m− 2 day− 1, which is compa
rable to most existing remote sensing-based models of GPP (Zhang et al., 
2019). In addition, the biome-specific parameters, simplified yet robust 
model structure, and consideration of key environmental constraints 
from temperature, water stress and light saturation all make CCW 
particularly useful for examining the LCC effects on GPP separately from 
climate change effects at broad scales (Zhang et al., 2019). 

2.2. Driver datasets for CCW 

To drive CCW, we used all epochs of 30-m land cover data from 
NLCD 2016, 16-day 250-m NDVI from MODIS (i.e., MOD12Q1 C6) 
(Didan et al., 2015), and monthly 1 km climate data from Daymet3 
(Thornton et al., 2017) from 2001 to 2016. 

2.2.1. Land cover data 
Based on the Landsat images and a series of ancillary land products, 

the United States Geological Survey recently updated the 30-m NLCD to 
a newer version (i.e., NLCD 2016) with innovative, consistent and robust 
methodologies (Jin et al., 2019). Different from previous versions of the 
NLCD at 5-10 year intervals, NLCD 2016 offers multi-temporal land 
cover data at 2-3 year intervals between 2001 and 2016 (Yang et al., 
2018). The overall accuracy of 82% - 86% for the NLCD 2016 (Yang 
et al., 2018; Jin et al., 2019) outperforms existing global land cover 
products: e.g., 73.6% for MCD12Q1 (Sulla-Menashe et al., 2019), 
72-75% for ESA-CCI (ESA, 2017), and 80% for GLOBELAND30 (Chen 
et al., 2015). 

All seven epochs of land cover data from NLCD 2016 (i.e., 2001, 
2004, 2006, 2008, 2011, 2013 and 2016) were utilized in this study. For 
those missing years, the closest land cover data were used for gap-filling. 
The original NLCD land types were regrouped into 9 classes, including 
evergreen forest, deciduous forest, mixed forest, shrub, grass (grassland/ 
herbaceous and pasture/hay), crop, urban, barren, and water/wetland. 
In this study, since we mainly focused on the GPP dynamics over 
terrestrial ecosystems, aquatic or semi-aquatic ecosystems related to 
water/wetlands were masked out. The remaining non-vegetated types 
(i.e., urban & barren) were incorporated for LCC analysis, but their GPP 
values were set to zero in the CCW. 

For comparison to our NLCD 2016 analysis, we further collected 
annual 500-m MODIS Land Cover Product (Collection 6 MCD12Q1) and 
annual 300-m ESA-CCI Land Cover Data for the period from 2001 to 
2016. We selected the classification scheme of International Geosphere- 
Biosphere Programme (IGBP) in MCD12Q1 to compare with the NLCD 
2016. The ESA-CCI land cover data, which adopts a classification from 
the United Nations-Land Cover Classification System, was converted to 
the IGBP in this study (Zhang et al., 2019). In addition, annual national 
inventory data from FAOSTAT (http://www.fao.org/faostat/en) and 
0.25◦ Land Use Harmonization data (LUH2v2.1h) (Hurtt et al., 2017) for 
years corresponding to the study period were included for comparison to 
our NLCD 2016 analysis. 

2.2.2. Vegetation index data 
The 16-day 250-m MODIS NDVI product (i.e., MOD12Q1 C6) over 

the CONUS was used to drive the CCW over the study period (2001- 
2016). The collection 6 MODIS NDVI was retrieved from daily, 
atmosphere-corrected, bidirectional surface reflectance (Didan et al., 
2015), and issues of sensor degradation in the prior collection 5 were 
largely resolved (Zhang et al., 2017). Based on the detailed quality 
control flag, poor-quality NDVI values (mostly related to clouds, aero
sols, snow/ice and bad geometry etc.) were linearly interpolated based 
on the closest good-quality data within a window of 64 days. If no good 
quality NDVI values were found within this window, the multiple-year 
average of high-quality 16-day values was used. Where the 16-day 
averaged data was still unavailable, monthly averaged high-quality 
data were used. After the 16-day smoothed series was constructed, the 
monthly average of NDVI was then calculated as the input to the CCW. 
Note that, to better serve our purpose of separating LCC effects from 
climate change, we chose the NDVI-based FPAR model (Sims et al., 
2005) rather than MODIS-C6 FPAR product (https://lpdaac.usgs.gov/ 
products/mcd15a2hv006/), largely because current MODIS-C6 FPAR 
product is modelled based on a static multi-year land cover product from 
MOD12Q1. Therefore, land cover change information over shorter 
(annual) timescale may not be captured by the MODIS FPAR product. In 
addition, the inextricable coupling of the MODIS FPAR with the MODIS 
land cover product may preclude the use of other higher-quality land 
cover products (such as NLCD) in simulating LCC influences. 

2.2.3. Climate data 
We obtained daily shortwave solar radiation, air temperature, and 

VPD from 1-km Daymet V3, which was derived from in-situ meteoro
logical observations and various supporting datasets over North Amer
ica (Thornton et al., 2017). We calculated VPD from daily 
minimum/maximum air temperature and actual water vapor pressure 
(Allen et al., 1998). All daily variables were aggregated to monthly 
values for model simulation. To calculate clear-sky solar radiation, we 
adopted a 30-m DEM from GMTED2010 (Danielson & Gesch, 2011). 

2.2.4. Model implementation in Google Earth Engine 
We implemented the CCW model in Google Earth Engine (GEE), a 

cloud-based geospatial processing platform, which has been widely used 
for large-scale environmental monitoring and modeling (Gorelick et al., 
2017; Tamiminia et al., 2020). To balance computing efficiency, output 
storage, and input data quality, all the input data were resampled to a 
spatial resolution of 300 m. Among them, NLCD was upscaled based on 
the majority rule, while other data were interpolated based on the 
nearest neighbor method. 

2.3. Modeling design 

To disentangle the effects of LCC and climate change on GPP, we 
designed three groups of simulation scenarios based on different com
binations of model inputs (Table 1). The first group (“All”) was assem
bled to produce the actual ensemble GPP dynamics by allowing all 
model inputs to change with time. The second group simulated LCC 
effects on GPP, including two simulations, S1 and S2. S1 held land cover 
at the initial 2001 level, but allowed all other variables to change, while 
S2 further held FPAR at the 2001 level. We used the simulation differ
ence between All and S1 (“LCC1”) to represent the direct effect of LCC on 
GPP independent of climate change effects. In CCW, land cover type 
determines the biome-specific potential LUE and other sensitivity pa
rameters to climate variables. However, LCC1 did not account for the 
potential effect of FPAR change caused by LCC. Therefore, we further 
considered this effect using the simulation difference between All and S2 
(“LCC2”), which represents the integrated effect of LCC. The realistic 
LCC effect on GPP can be constrained by LCC1 and LCC2. To quantify 
climate effects, two additional simulations (S3 and S4) were conducted. 
S3 allowed land cover and FPAR to change but held all three climate 
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factors (solar radiation, air temperature and VPD) at the initial 2001 
level, while S4 only allowed land cover to change with time but held all 
the other factors constant. The simulation difference of All – S3 
(“CLM1”) reflects the direct effect of climate change on GPP, while All – 
S4 (“CLM2”) further includes the partial effect of climate change on 
FPAR change, and thus GPP change (Table 1). Therefore, the realistic 
climate effect on GPP can be constrained by CLM1 and CLM2. 

2.4. Analysis methods 

To conduct LCC-related analyses, we first identified stable and 
change areas in land cover by stacking all NLCD data together. Pixels 
were labeled as stable areas if they did not experience change across 
NLCD dates. Otherwise, pixels were labeled as change areas. Any pixels 
classified as water or wetlands during the study period (accounting for 
8% of total CONUS area) were excluded from further analysis. By 
comparing the initial NLCD in 2001 and the ending NLCD in 2016, a 
land cover transition matrix over the CONUS was calculated, and major 
LCC types (including deforestation, reforestation, crop expansion, crop 
shrinkage, and urbanization) were identified over five sub-regions (i.e., 
Northwest, Midwest, Northeast, Southwest and Southeast). After that, 
annual GPP trends from different model simulations were analyzed and 
subsequent LCC and climate change effects on GPP were assessed. It is 
worth noting that our NLCD-based study is only focused on the land 
cover change areas related either to natural disturbances or anthropo
genic activities. Those stable land-cover areas with land-use and man
agement changes (e.g., change of crop types), but not captured by NLCD, 
were excluded in our study. 

Given the incomplete series of NLCD data with 2- or 3-years interval, 
we conducted two more scenario simulations (i.e., “early” LCC and 
“late” LCC) to evaluate the uncertainty of the group simulation based on 
the nearest neighbor gap-filling method (seen in Section 2.2.1). In the 
extra simulations of “early” and “late” LCC, the potential conversion 
years are fixed as the first year and last year in the intertwining years, 
respectively. For example, assuming a pixel changed from forest in 2001 
to grass in 2004 in the NLCD data, the conversion year for the “early” 
LCC is assigned as the first year (i.e., 2002), while the “late” LCC is 
realized in the last year (i.e., 2004). Therefore, the range of GPP affected 
by conversion years could be constrained by these two extreme group 
scenarios. All other LCC patterns should fall between these two extreme 
cases, which provide the range of uncertainty caused by the timing of 
LCC on GPP. 

2.5. TRENDY data 

To examine if land surface models capture the fine-scale LCC- 
induced GPP changes identified in this study, we further examined GPP 
simulations from TRENDY (Version 7) during the study period. TRENDY 

contains ensemble results from multiple DGVMs and have been used to 
quantify the effects of common historical forcing on global ecosystem 
dynamics (Sitch et al., 2015; Quéré et al., 2018). Based on TRENDY 
factorial simulations, we calculated LCC-induced GPP changes based on 
differences between S3 (i.e., CO2, climate, and land use change along 
time) and S2 (i.e., only CO2 and climate change). Here we included 6 of 
16 models from TRENDY V7 in our analysis (Table S2) because the 
remaining models are not comparable with the simulations in this study 
due to the additional modeling of nitrogen effect in S3. The spatial 
resolutions of model outputs from TRENDY vary from 0.5 × 0.5 ◦ to 2 ×
2 ◦ (Table S2). To be consistent in the analysis, all TRENDY outputs were 
resampled to 1 × 1 ◦. 

The land cover data used in TRENDY V7 was adopted from the yearly 
Land Use Harmonization data (LUH2; version 2.1h) at a spatial resolu
tion of 0.25 × 0.25 ◦ (Quéré et al., 2018). To further evaluate the po
tential difference between TRENDY and NLCD-based simulations, we 
conducted simulations of LCC-induced GPP dynamics based on the 
fractional land use/cover state from LUH2 and the CCW model following 
the scenarios in Table 1. Given TRENDY accounts for land-use change 
and management practices over the stable land-cover areas (e.g., crop
land), which are not explicitly considered in our analysis described here, 
we only focused on the evaluation of TRENDY and LUH2 simulations 
over the land-cover change area identified by NLCD. Due to the spatial 
resolution difference (0.25-degree vs 300-m), we generated statistics in 
two ways: 1) aggregating the fine-scale 300-m NLCD change area mask 
to match the original resolution of LUH2 (0.25-degree); 2) interpolating 
the coarse 0.25 × 0.25 ◦ LUH2 simulations to 300 × 300 m to match the 
resolution of the fine-scale NLCD change area mask. 

Given LUH2 mainly represents anthropogenic land use change rather 
than natural disturbances (such as wildfire), we further evaluated the 
potential discrepancy of LCC effects on GPP between NLCD and LUH2 
simulations over fire and non-fire regions. The spatial distribution of all 
wildfires during 2001 to 2016 over CONUS were derived from the na
tional 30-m Monitoring Trends in Burn Severity (MTBS; https://www. 
mtbs.gov/project-overview). Overall, 20.4% of land change area iden
tified by NLCD is related to fire disturbance (Fig. S1), which has been 
included in our analysis. 

3. Results 

3.1. Spatial & temporal patterns of land cover change over the CONUS 

Based on all seven epochs of NLCD data, 7.9% of the total area of the 
CONUS (excluding water/wetlands; same hereafter) experienced land 
cover changes at least once during the study period (Fig. 1), corre
sponding to 567,950 km2, or an area larger than California. Those 
changes primarily occurred in areas that were classified as forest (41% 
of total change area), grass (31% of total change area) and shrubland 
(24% of total change area) in 2001 (Fig. 1c). From 2001 to 2016, forests 
showed the largest decrease in area (equivalent to 0.86% of the total 
area or 10.8% of total change area), followed by grassland (4.3% of total 
change area) (Fig. 1d). In contrast, cropland showed the largest increase 
in area (9.7% of total change area), followed by urban (4.7% of total 
change area) (Fig. 1d). Shrub and barren/ice areas showed relatively 
small changes. Note that different land cover types showed different 
inter-annual variabilities (Fig. 1d). Overall, the changing rates of forest 
and urban areas tended to level off over time, while cropland showed an 
accelerated increase. 

From 2001 to 2016, forest losses occurred in 27.2% of the total 
change area, mainly due to transitioning to grass (12.8%) and shrub 
(12.2%) (Fig. 2a). Concurrently, forest gains were observed in 16.4% of 
the change area, largely due to conversions from grass (8.4%) and shrub 
(7.3%). Although net shrubland change was small (0.7%), it had large 
gross gains (19.7%) and losses (19.0%), mostly related to grass and 
forest conversions (Fig. 2a). During this period, only 3.2% of the total 
change area showed crop losses, but 12.9% of the total change area 

Table 1 
Scenario designs to disaggregate land cover change (LCC) and climate change 
effects on GPP based on CCW. The symbol ’△’ indicates that the input variable 
changes along time, while the symbol ’▴’ indicates that the input variable is 
fixed as the level in the initial year. The LCC effect is constrained by the direct 
LCC effect from LCC1 (i.e., All – S1) and indirect LCC effect from LCC2 (i.e., All – 
S2), while climate change effect is constrained by the direct effect from CLM1 (i. 
e., All – S3) and indirect effect from CLM2 (i.e., All – S4).  

Group All Land Cover Change (LCC) Climate Change 
- LCC1 LCC2 CLM1 CLM2 
- All – S1 All - S2 All – S3 All – S4 

Simulation All S1 S2 S3 S4 
Land Cover △ ▴ ▴ △ △ 
FPAR △ △ ▴ △ ▴ 
Radiation △ △ △ ▴ ▴ 
Temperature △ △ △ ▴ ▴ 
VPD △ △ △ ▴ ▴  
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exhibited crop gains, mainly at the expense of grass (Fig. 2a). Similarly, 
urban losses represented a very small fraction (0.8%) of the total change 
area, but urban gains from forest and grass were relatively large (4.7%). 
Interestingly, all land cover types showed a certain portion in the 
disturbed area (0.03% ~ 13.7% of the total change area), which indicate 
each land-use/land-cover class had at least one disturbance event within 
the study period. At the regional scale, both forest losses and forest gains 
were mainly located in the Southeast and Northwest (Fig. 2b). Crop 
expansion and urbanization was mainly found in the Midwest and 
Southeast, respectively (Fig. 2b). 

3.2. Effects of land cover change on GPP across cover change types 

We evaluated the effects of LCC, independent of climate effects, on 
annual GPP trends using the LCC1 (accounting for direct land cover 
change) and LCC2 (further accounting for LCC-induced canopy function 
change) model simulations (Table 1; Fig. 3). Over the CONUS, forest 
losses exerted a strong negative effect on GPP (i.e., [-4.69, -2.90] Tg C 
yr− 2; range given by LCC1 and LCC2, same hereafter), primarily due to 
the conversions to shrub ([-2.50, -1.96] Tg C yr− 2), grass ([-1.20, -0.07] 
Tg C yr− 2) and urban ([-1.00, -0.93] Tg C yr− 2) classes. On the other 
hand, forest gains mainly from shrub and grass conversion resulted in a 
positive GPP effect (i.e., [1.52, 2.71] Tg C yr− 2). Together, net forest 
change had a significant negative effect on GPP (i.e., [-1.98, -1.39] Tg C 

Fig. 1. Spatial and temporal patterns of land cover change (LCC) over the CONUS from 2001 to 2016. (a) ~ (c) show spatial patterns of land cover from NLCD 2001, 
NLCD 2016 and LCC between them (i.e., base year: 2001; ending year: 2016), respectively; (d) shows temporal pattern of LCC relative to the year of 2001. All water 
and wetlands are masked out in (a) ~ (d). Abbreviations in (a) & (b): EF (evergreen forest), DF (deciduous forest) and MF (mixed forest); The proportion in pie chart 
in (d) is relative to the total area of CONUS. 

Fig. 2. Land cover transition matrix over the CONUS (a) and major land cover changes (LCCs) by regions (b) from 2001 to 2016. Numbers in (a) and (b) represent 
proportions of total change area. 
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yr− 2). 
Urban expansion exerted a strong and consistent negative effect on 

GPP regardless of which type of vegetation was replaced, especially for 
forest ([-1.00, -0.93] Tg C yr− 2), grass ([-0.85, -0.83] Tg C yr− 2) and 
cropland ([-0.43, -0.43] Tg C yr− 2) (Fig. 3). Since there was very little 
loss of urban area, the cumulative net effect of urban change on GPP was 
even stronger ([-2.03, -1.92] Tg C yr− 2) than the net effect of forest 
change. Crop expansion had a positive effect on GPP ([+1.39, +1.40] Tg 
C yr− 2), mostly from replacement of grass cover (Fig. 3). Overall, the net 
effect of crop change on GPP was [+0.66, +0.79] Tg C yr− 2 after 
considering the negative GPP effect from crop shrinkage. All stable land 
covers with occasional disturbances showed nonsignificant GPP trends 
during the study period (i.e., P > 0.05; Fig. 3), which were not involved 
in the above integration analysis. 

3.3. Effects of major land cover change types on GPP by regions 

At the regional scale, forest loss (or deforestation) contributed to the 
largest GPP reductions in the Southeast ([-1.95, -1.35] Tg C yr− 2) and 
Northwest ([-1.57, -0.76] Tg C yr− 2) regions (Fig. 4) while forest gains 
(or reforestation) contributed only minor GPP increases, leading to large 
net negative effects of forest LCC on GPP in both regions. Urbanization 
resulted in strong GPP reductions mainly in the Southeast ([-1.04, -1.09] 
Tg C yr− 2) and Midwest ([-0.51, -0.51] Tg C yr− 2). Crop expansion 

enhanced annual GPP trends in all regions, especially in the Midwest 
([0.73, 0.78] Tg C yr− 2). However, the Midwest was also the region with 
the largest negative GPP effect due to cropland shrinkage ([-0.32, -0.28] 
Tg C yr− 2) (Fig. 4). 

3.4. Comparison of land cover change effect with climate effect on GPP 

Annual total GPP over the change area of CONUS showed a large 
inter-annual variation from 2001 to 2016 (Fig. 5a). Our simulations 
indicate that LCC explains 22.8% (P < 0.01; LCC1) to 43.2% (P < 0.01; 
LCC2) of this variation, which is much smaller than climate effects (i.e., 
70.5 % (P < 0.01; CLM2) to 73.1% (P < 0.01; CLM1)) (Fig. 5a). How
ever, for the long-term GPP trend, LCC exerted a significant negative 
effect of − 2.22 Tg C yr− 2 (P < 0.01; LCC1) to − 1.83 Tg C yr− 2(P < 0.01; 
LCC2) (Fig. 5b). In contrast, climate change played a minor role in 
driving the GPP trend, with positive (but not statistically significant) 
effects of 0.17 Tg C yr− 2 (P > 0.05; CLM1) to 0.92 Tg C yr− 2 (P > 0.05; 
CLM2) (Fig. 5b). Overall, the actual GPP over the change area decreased 
during the study period (-1.72 Tg C yr− 2, P = 0.21), though the trend 
was not statistically significant due to the high interannual variability of 
GPP and because the LCC effects on GPP were partially mitigated by 
climate change effects. Note that, the uncertainty of GPP trends from the 
incomplete NLCD is marginal and does not change the contrasting ef
fects of LCC and climate change (Fig. 5b). 

Fig. 3. Effects of land cover change (LCC) on annual GPP trends across LCC types constrained by simulations of LCC1 (a) and LCC2 (b). Model simulations of LCC1 
and LCC2 are seen in Table 1. All GPP trends are statistically significant (i.e., P < 0.05) unless labeled by *. 

Fig. 4. Effects of major land cover change (LCC) types on annual GPP trends across regions constrained by simulations of LCC1 (a) and LCC2 (b). Model simulations 
of LCC1 and LCC2 are seen in Table 1. All GPP trends here are statistically significant (i.e., P < 0.05). 
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In most regions (except the Midwest), LCC effects on GPP trends were 
stronger and more negative than climate effects over the change areas 
(Figs. 6 & 7). The statistically significant area (i.e., P < 0.05) for LCC 
effects on GPP (i.e., 51.1% of total change area for LCC2 and 65.7% for 
LCC1) is much larger than that for climate effects (i.e., 10.6% for CLM1 
and 25.8% for CLM2) (Fig. S2). In the Midwest, LCC showed an overall 
positive GPP effect mainly due to cropland expansion (Figs. 4 & 7). The 
weak positive climate effect further enhanced the GPP increase over this 
region. Besides the Midwest, the significant negative LCC effect on GPP 
in the Northwest and Northeast were also to some degree lessened by 
weak positive climate effects (Fig. 7). However, in the Southeast and 
Southwest, weak negative climate effects slightly reinforced negative 
LCC effects on GPP. 

3.5. Evaluation of land cover change effects on GPP from the TRENDY 
ensemble 

During the study period, the TRENDY model ensemble showed a 

Fig. 5. Effects of land cover change (LCC) and climate change on interannual variations (a) and trends (b) in total GPP over change areas across the CONUS. The 
anomaly in (a) is relative to the base year of 2001. Model simulations (i.e., LCC1, LCC2, CLM1 and CLM2) are seen in Section 2 and Table 1. The label ** in (b) 
represents the significance level of annual trend (i.e., P < 0.01). The upper and lower error bars in (b) are from group simulations of “early” LCC and “late” LCC (seen 
in Section 2.4), respectively. 

Fig. 6. Spatial patterns of effects of land cover change (LCC) (a, b) and climate change (c, d) on annual GPP trends from 2001 to 2016 over change areas across 
CONUS, with stable areas (gray), and water/wetland areas (white). Model simulations (i.e., LCC1, LCC2, CLM1 and CLM2) are described in Section 2 and Table 1, and 
corresponding statistical significances are shown in Fig. S2. 

Fig. 7. Effects of land cover change (LCC) and climate change on annual total 
GPP trends over change areas of different regions in CONUS. The label ** 
represents the statistical significance level of annual GPP trend (i.e., P < 0.05). 
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contrasting LCC effect on GPP compared to the CCW (Fig. 8). According 
to the CCW, LCC had a strong negative effect on annual GPP, with a 
cumulative change in the range of [-42.3, -30.3] Tg C from 2001 to 
2016. However, in ensemble simulations from TRENDY, LCC had a weak 
positive influence on GPP, with a cumulative GPP change of 3.9 ± 9.0 Tg 
C over the change area. Among TRENDY models, 5 of 6 showed positive 
LCC influences with the maximum GPP effect of 20.6 Tg C from JULES 
(Fig. 8), while the SURFEX model showed a negative influence (i.e., -6.2 
Tg C). However, the latter is still out of the value range suggested by the 
CCW. Our independent simulations based on LUH2 showed similar LCC 
effect on GPP with a range of [-2.4, 4.9] Tg C based on the coarse NLCD 
change mask (i.e., 0.25-degree) and a slightly wider range of [-7.1, 15.3] 
Tg C based on the fine-scale change mask (i.e., 300-m). Despite differ
ences from these two statistical masks, simulated GPP influences from 
LUH2 based on CCW are comparable with TRENDY ensemble means, 
suggesting the deficiency of LUH2 may likely be responsible for the 
underestimation of LCC-induced negative GPP influences in TRENDY. 

Based on the wildfire mask from MTBS (Fig. S1), we further 
compared LCC effects from NLCD and LUH2 on annual GPP trends over 
fire and non-fire regions (Fig. S4). Interestingly, both NLCD and LUH2 
showed larger influences of LCC over non-fire disturbed regions than fire 
disturbed regions (in terms of the direct LCC effect from LCC1 and in
direct LCC effect from LCC2 in Fig. S4), likely due to the relatively 
smaller fire burning area and post-fire vegetation recovery. However, 
LUH2 appeared to show relatively equivalent discrepancies with NLCD 
in LCC effects over fire and non-fire disturbed regions (Fig. S4), which 
suggests that natural disturbance caused by wildfire is one of the major 
factors explaining the discrepancy between TRENDY and our NLCD- 
based simulations. 

4. Discussion 

4.1. Spatial & temporal patterns of land cover change 

Our study highlighted the major patterns of LCC over CONUS based 
on the most recent NLCD dataset. Excluding changes in water and other 
wetlands, LCC occurred over 7.9% of the total CONUS area from 2001 to 
2016 (Fig. 1), which was mainly characterized by forest loss (10.8% of 
total change area), crop expansion (9.7% of total change area), and 

urbanization (4.7% of total change area) (Fig. 2). Currently, debate still 
exists on the major patterns of LCC over the CONUS. For example, the 
national inventory data from FAOSTAT shows an increasing trend in 
total forest area, but a decreasing trend in cropland over the CONUS 
since 2001 (Fig. S5). The commonly used global harmonized land cover 
data of LUH2, with a spatial resolution of 0.25 degree and constrained 
by FAOSTAT, shows similar forest and cropland trends despite more 
inter-annual fluctuation (Fig. S5). In contrast, remote-sensing based 
global land cover products such as MODIS (500-m resolution) and ESA- 
CCI (300-m resolution) show a decrease in forest areas, but no trend or 
even an increase in croplands (Fig. S5). Our study, based on the most 
recent NLCD with a nominal resolution of 30 m, presents an opportunity 
to assess the differences and potentially reconcile the debate on the 
recent LCC pattern over the CONUS. 

Overall, opposite LCC trends of FAOSTAT/LUH2 with NLCD 2016 
reflect the deficiency of these two data sources in characterizing 
regional LCC signals (Goldewijk et al., 2017; Yu et al., 2019). The coarse 
spatial resolution of LUH2 and the incomplete spatial representation of 
FAOSTAT may be ill-equipped to document LCC predominantly occur
ring at a finer, more localized scale. Another possible reason for these 
discrepancies is that FAOSTAT/LUH2 focuses on land use, while NLCD 
mainly focuses on land cover. The difference in land use- and cover- 
definitions likely contributed to the observed discrepancies (Coulston 
et al., 2014). For example, timber harvest will not change the land use 
type of the area as long as the land is not used for some other purposes (e. 
g., agriculture). Harvested forest land, in contrast, are likely to be 
identified as non-forest after the harvest based on remotely sensed data. 
Therefore, a fair portion of forest losses by timber harvest as well as 
other natural disturbances that are reflected by NLCD may be missing in 
the FAO/LUH2. In addition, based on an independent high-resolution 
multisource harmonized national LCC database over the CONUS, Yu 
et al. (2019) found a striking underestimation of cropland changes in 
LUH2. Such underestimation was mainly inherited from the national 
inventory data from FAOSTAT, which largely underestimated crop 
expansion due to its cropland definition. This uncertainty of cropland 
change was further propagated to the modeled forest change in LUH2 
(Goldewijk et al., 2017; Yu et al., 2019). Remote sensing-based global 
land cover products are more consistent with NLCD 2016 than FAOS
TAT/LUH2, but the MODIS land cover product showed higher biases in 
absolute areas for different land covers, especially for forests and 
shrublands, while ESA-CCI showed less interannual variation than NLCD 
2016 (Fig. S5). Such discrepancies could result from differences in land 
cover/type definition, classification strategies, and remote sensing data 
with varying spatial/temporal resolutions and spectral characteristics 
(Li et al., 2018; Sulla-Menashe et al., 2019). 

The NLCD 2016 reveals several key characteristics of LCC across the 
CONUS. For example, forest loss was mainly associated with conversion 
to grass and shrubland during the study period (Fig. 2), which differs 
from tropical deforestation that is mainly linked to cropland expansion 
(Barraclough, 2013; Pendrill et al., 2019). The Southeast and Northwest 
are the two major regions affected by deforestation in the CONUS 
(Fig. 2), which were largely driven by timber harvesting, fire and mor
tality from drought and insect outbreaks (Williams et al., 2010; Curtis 
et al., 2018; Howard & Liang, 2019; Homer et al., 2020). Cropland 
expansion mostly occurred at the expense of grassland, mostly in the 
Midwest, which is consistent with previous research (Wright & Wim
berly, 2013; Yu & Lu, 2018). Urbanization, occurring most prominently 
in the Southeast, was largely linked to grassland and forest losses 
(Fig. 2). These transitions differed from other countries with urbaniza
tion mainly at the cost of cropland (d’Amour et al., 2017; van Vliet et al., 
2017). During the study period, the rate of forest loss tended to slow 
down after 2011 (Fig. 1d), which is generally consistent with national 
industrial timber markets (Howard & Liang, 2019; Homer et al., 2020). 
A similar temporal pattern was also observed for urbanization (Fig. 1d), 
which was possibly linked to the 2008 global economic recession 
(Homer et al., 2020). 

Fig. 8. Comparisons of land cover change (LCC)-induced GPP changes from 
satellite-derived land cover data (NLCD), the harmonized land use product 
(LUH2) and TRENDY models over the change area identified by NLCD from 
2001 to 2016. LCC-induced GPP trends from NLCD and LUH2 were simulated 
by CCW and based on model scenarios of LCC1 and LCC2 in Table 1, while LCC 
influences from all TRENDY models were the differences between S3 and S2 in 
Table S2. Note that LCC1-NLCD, LCC2-NLCD, LCC1-LUH2-FM and LCC2-LUH2- 
FM were derived based on the fine-scale land-cover change mask (i.e., 300-m), 
while other simulations based on the masks with their original coarse spatial 
resolutions. Annual GPP anomalies for all these model simulations are shown 
in Fig. S3. 
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4.2. Decoupling effects of land cover change on GPP from climate change 

LCC induced by anthropogenic activity and natural disturbances 
have profound impacts on terrestrial GPP. However, such influences are 
usually aggregated with other environmental factors, such as climate, 
and empirically disentangling their effects is still a challenge. In this 
study, we decoupled the effects of LCC and climate change on terrestrial 
carbon sequestration based on a remote sensing-based ecosystem model 
and newly released high-quality land cover data. Through designed 
model simulations, we narrowed down the effect of LCC on recent GPP 
changes over the CONUS to a specific range on the top of the influence of 
climate change/variability. 

From 2001-2016, we observed a strong negative effect on GPP from 
deforestation in the CONUS (i.e., [-4.69, -2.90] Tg C yr− 2), especially in 
the Southeast ([-1.95, -1.35] Tg C yr− 2) and Northwest ([-1.57, -0.76] Tg 
C yr− 2). Although reforestation positively affected GPP (i.e., [1.52, 2.71] 
Tg C yr− 2), it did not completely offset the negative effects of defores
tation, resulting in an overall net negative GPP trend by forest cover 
change over the CONUS (Figs. 3 & 4). Forests are the key biome in 
maintaining ecosystem functions and serve as a major contributor in 
land carbon sequestration (Domke et al., 2020; Woodbury et al., 2007). 
Previous studies in China showed that the national-scale forest affor
estation/reforestation programs since 2000 have promoted substantial 
vegetation productivity (Zhang et al., 2014; Chen et al., 2021). Here, the 
contrasting picture over the CONUS reveals a worrisome trend on the 
recent decline of GPP related to forest change. Depending on the specific 
mechanisms driving deforestation in different regions (e.g., Southeast 
mainly related to timber harvest and Northwest mainly related to fire) 
(Fig. S1; Harris et al., 2016; Curtis et al., 2018), active forest manage
ment—such as fire management, timber harvest control, shifting to 
non-timber forest products or tree planting—could be useful in miti
gating the negative effects on GPP from forest change (Noormets et al., 
2015; Domke et al., 2020). However, some federal forest management 
rules may not be applicable to privately-owned forests. For example, the 
forests of the Southeast are predominantly privately-owned (Wear & 
Greis, 2002) and timber harvesting contributes significantly to defor
estation in this region. Nevertheless, it worth pointing out that defor
estation related to temporal disturbances (e.g., timber harvest and 
wildfires) could strong reduce ecosystem GPP immediately, but its 
negative effect can be gradually offset by post-disturbance vegetation 
recovery (Fig. S4; Gitas et al., 2012). The long-term effects of defores
tation at the regional scale are determined by the tradeoff between the 
disturbance frequency and vegetation recovery time. 

Compared with forests, urbanization affected a much smaller area 
(Fig. 2), but the net effects on GPP were disproportionally high ([-2.03, 
-1.92] Tg C yr− 2), and even stronger than net forest cover changes due to 
the cumulative and direct effects of removing all vegetation (Fig. 3). The 
Southeast ([-1.04, -1.09] Tg C yr− 2) and Midwest ([-0.51, -0.51] Tg C 
yr− 2) were the two major regions associated with strong GPP reductions 
caused by urbanization (Fig. 3). Our findings on the substantial effect of 
urbanization on GPP is generally consistent with previous vegetation 
productivity studies (Liu et al., 2019; Li et al., 2020). However, due to 
the treatment of urban areas as a homogenous surface without plants, 
the impact of urbanization on GPP in our study may be overestimated 
(Guan et al., 2019). 

Unlike forest and urban changes, the net change in croplands showed 
an overall positive effect on GPP (i.e., [+0.66, +0.79] Tg C yr− 2). Crop 
expansion occurring primarily at the cost of grasslands was a major 
contributor to GPP ([+1.39, +1.40] Tg C yr− 2) over the study period. 
Due to crop expansion, the Midwest became the only region with an 
overall positive LCC effect on GPP (Figs. 6 & 7). Croplands tend to be 
more productive than other natural vegetation (e.g., grasslands) due to 
human management (e.g., irrigation, fertilization, selection of produc
tive cultivars; Licker et al., 2010), resulting in a positive net effect on 
GPP. However, due to the exceptionally high turnover rate of carbon in 
crop systems (e.g., linked with harvest and consumption), croplands 

have limited potential in carbon storage when compared with natural 
vegetation (Wolf et al., 2015). Therefore, crop expansion, even if it in
creases GPP and net primary production, would likely have less effect on 
the land carbon sink, and thus less potential to mitigate the ongoing 
global warming (Bajželj et al., 2014; Zhang et al., 2019). In addition, 
widespread crop expansion in the Midwest at the cost of grasslands has 
threatened biodiversity in this region (Wright & Wimberly, 2013; Lark 
et al., 2015, 2020). 

Altogether, our study shows a strong negative influence of LCC on 
annual GPP over the CONUS (i.e., [-2.6, -1.9] Tg C yr− 2), which out
weighs the slight positive GPP trends from climate (i.e., [0.17, 0.92] Tg 
C yr− 2). However, climate did play a major role in determining inter- 
annual variation of GPP over the change area (Fig. 5). Theoretically, 
the influence of LCC on GPP will diminish or even flatten with time due 
to post-disturbance recovery/succession (Lambin et al., 2001; Wang 
et al., 2020). During this period, climate will either enhance or delay this 
process along with other environmental and human factors. In this 
study, we showed the spatial pattern of climate influences on GPP by 
overlaying the effect of LCC (Figs. 6 & 7). Overall, climate change/
variability alleviated negative LCC effects in the northern CONUS but 
worsened their effects in the southern CONUS (Fig. 6) largely due to 
droughts (Berdanier & Clark, 2016; Park Williams et al., 2017). Our 
efforts in decoupling the effects of LCC and climate change on GPP can 
help enhance our understanding of recent carbon dynamics related to 
human and natural disturbances over the CONUS. 

4.3. Performance of TRENDY ensemble simulations 

Based on the long-term LUH2 global harmonized land use data, land 
surface models from the TRENDY ensemble provide estimates of the 
influence of LCC at both the global and regional scales (Sitch et al., 2015; 
Quéré et al., 2018;). However, our evaluation showed that none of the 
selected models captured the strong negative GPP effects over the 
CONUS (Fig. 8). On the contrary, 5 of 6 models simulated positive LCC 
effects on GPP. Our simulations based on the CCW (Fig. 8) further 
suggest that these discrepancies were likely caused by the uncertainty in 
the LUH2 dataset (Goldewijk et al., 2017; Yu et al., 2019), which shows 
opposite trends of forest and cropland areas over the CONUS when 
compared with finer-resolution remote sensing products (Fig. S5). Pre
vious studies have shown that carbon emissions from LCC over the 
CONUS have been largely underestimated due to the mischaracteriza
tion of crop and forest changes (Yu & Lu, 2018; Yu et al., 2019). Our 
study suggests that ignoring the strong GPP reductions caused by LCC 
might be a key reason for the overestimation of land carbon sink over the 
CONUS (Liu et al., 2020). Given that TRENDY ensemble simulations 
provide much of the basis for the Global Carbon Budget (Quéré et al., 
2018; Friedlingstein et al., 2019), which show large uncertainties in 
LCC-induced carbon flux, our study provides evidence for a source of 
uncertainties in global carbon balance, to which much more attention 
needs to be paid. However, discrepancies between TRENDY and our 
CCW simulations could be related to other factors, such as model 
structures (process-based models for TRENDY vs. a light-use efficiency 
model for CCW), model implementations of LCC effects (land-use 
change and management practices in TRENDY vs. land cover change in 
CCW), and differences in climate inputs (global climate data for 
TRENDY vs. regional climate data for CCW) (Bastos et al. 2020). These 
potential factors are not strictly quantified in our study but are worthy of 
future investigation. 

4.4. Implications & uncertainties 

Reducing anthropogenic carbon emissions is a critical mechanism for 
mitigating global warming below a secure threshold, which is an urgent 
yet challenging task (Rogelj et al., 2016). The actions through conser
vation, restoration and improved land management are cost-effective 
ways or “natural climate solutions” to global warming mitigation 
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(Griscom et al., 2017). Currently, a series of “natural climate solutions” 
on natural and agricultural lands are being evaluated to sustain the U.S. 
terrestrial carbon sink and meet Paris Agreement carbon targets (Far
gione et al., 2018). Among them, reforestation, natural forest manage
ment and preservation of grassland show the highest climate mitigation 
potential, especially when carbon storage is highly valued (Fargione 
et al., 2018). However, according to our study based on the newest 
NLCD database, the recent LCC trend since 2001 (characterized by net 
forest loss, cropland expansion from grassland, and urban expansion 
from forest and grassland; Fig. 2) appears to departure from these ini
tiatives. How to account for the past LCC trajectory and the weakened 
carbon sequestration capacity identified by this study is critical in 
implementing natural climate solutions, for example in the establish
ment of baseline trends (Roe et al., 2019; Anderegg et al., 2020). 

In this study, we comprehensively examined the spatially detailed 
and regionally aggregated LCCs and their impacts on vegetation pro
ductivity over the CONUS. Currently, it is still a challenge to effectively 
disaggregate LCC effect on GPP from climate change/variability effect. 
Based on a remote sensing-driven ecosystem model and scenario simu
lations, we teased out the respective effect of LCC and climate change on 
GPP in specific ranges rather a definite quantity, which we believe to be 
more reasonable than previous modeling studies (Zhang et al., 2014; 
Sun et al., 2018). However, it is worth noting that simulations for LCC (i. 
e., LCC2) and climate (i.e., CLM2) alone may have confounding effects 
from each other and potentially other factors (e.g., regrowth, CO2 
fertilization, land management etc.) that are confounded the signal of 
canopy greenness, and hard to separate under our current modeling 
scheme. Combining our remote-sensing constrained estimates and 
process-based models with localized high-quality LCC inputs is a 
promising way to better understand LCC-induced carbon dynamics. In 
addition, wetlands were excluded in our study given our focus on 
terrestrial ecosystems. Although total wetlands increased over a rela
tively small area (i.e., 0.09% of total CONUS area) (Homer et al., 2020), 
conversions between wetlands and other vegetation types, and among 
wetlands themselves (e.g., herbaceous vs. woody) may still exert a sig
nificant GPP control, which is worthy of future exploration. Third, our 
study focused on a relatively short period from 2001 to 2016 due to the 
temporal constraint of the NLCD records. With updates of more consis
tent historic (i.e., before 2000) and higher frequency (e.g., from 2~3 
years to yearly/sub-yearly) NLCD in the future, LCC influences on GPP 
could be further refined and re-evaluated particularly at the regional 
scale. Lastly, our study is focused on GPP, a primary control on the net 
carbon exchange (NEE). However, NEE is further constrained by 
ecosystem respiration (i.e., autotrophic and heterotrophic) (Chapin 
et al., 2006). How LCC influences the ecosystem respiration and net land 
carbon balance over the CONUS is an interesting topic, which is worthy 
of exploration in the future. 

5. Conclusions 

Based on NLCD 2016 and a remote-sensing driven ecosystem model 
run on the GEE cloud platform, we explored the effect of land cover 
change (LCC) on GPP over the conterminous U.S. from 2001 to 2016. 
During the study period, forest loss, cropland expansion, and urbani
zation dominated LCC patterns. Our model simulations estimated the 
net effect of forest changes on total GPP was [-1.98, -1.39] Tg C yr− 2, 
followed by urban change ([-2.03, -1.92] Tg C yr− 2) and crop change 
([+0.66, +0.79] Tg C yr− 2). Regionally, the Southeast contributed the 
largest GPP reduction due to deforestation (-1.95, -1.35] Tg C yr− 2), 
followed by the Northwest ([-1.57, -0.76] Tg C yr− 2), while the Midwest 
contributed largest GPP increase related to crop expansion ([0.73, 0.78] 
Tg C yr− 2), and the Southeast contributed the largest GPP reduction 
related to urbanization ([-1.0, -1.1] Tg C yr− 2). Overall, LCC led to a 
strong negative trend on total GPP over the CONUS ([-2.2, -1.8] Tg C 
yr− 2), while climate change had a relatively small positive effect (but not 
statistically significant) over the LCC area ([0.17, 0.92] Tg yr− 1) during 

the study period. Ensemble simulations from TRENDY did not capture 
the strong negative effects of LCC on GPP, likely due to the deficiency of 
the adopted land use/cover data. Our study demonstrates that recent 
LCC appears to reduce the carbon sequestration capacity of the land 
surface across the CONUS in ways that are not particularly well- 
represented in land surface models. Such a novel perspective on LCC- 
induced GPP changes could enhance our understanding of ecosystem 
function changes and carbon dynamics under the background of 
anthropogenic activity and climate change. 
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Arain, M.A., Baldocchi, D., Bonan, G.B., 2010. Terrestrial gross carbon dioxide 
uptake: Global distribution and covariation with climate. Science 329 (5993), 
834–838. 

Berdanier, A.B., Clark, J.S., 2016. Multiyear drought-induced morbidity preceding tree 
death in southeastern US forests. Ecol. Appl. 26 (1), 17–23. 

Chapin, F.S., Woodwell, G.M., Randerson, J.T., Rastetter, E.B., Lovett, G.M., 
Baldocchi, D.D., Clark, D.A., Harmon, M.E., Schimel, D.S., Valentini, R., 2006. 
Reconciling carbon-cycle concepts, terminology, and methods. Ecosystems 9 (7), 
1041–1050. 

Chen, J., Chen, J., Liao, A., Cao, X., Chen, L., Chen, X., He, C., Han, G., Peng, S., Lu, M., 
2015. Global land cover mapping at 30 m resolution: A POK-based operational 
approach. ISPRS J. Photogramm. Remote Sens. 103, 7–27. 

Chen, S., Zhang, Y., Wu, Q., Liu, S., Song, C., Xiao, J., Band, L.E., Vose, J.M., 2021. 
Vegetation structural change and CO2 fertilization more than offset gross primary 

Y. Zhang et al.                                                                                                                                                                                                                                   

https://doi.org/10.1016/j.agrformet.2021.108609
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0001
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0001
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0001
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0002
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0002
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0002
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0003
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0003
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0003
https://doi.org/10.1038/ngeo2882
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0005
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0005
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0005
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0006
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0006
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0007
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0007
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0007
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0007
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0008
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0008
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0008
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0008
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0009
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0009
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0010
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0010
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0010
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0010
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0011
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0011
http://refhub.elsevier.com/S0168-1923(21)00295-1/sbref0011


Agricultural and Forest Meteorology 308–309 (2021) 108609

11

production decline caused by reduced solar radiation in China. Agric. For. Meteorol. 
296, 108207 https://doi.org/10.1016/j.agrformet.2020.108207. 

Coulston, J.W., Reams, G.A., Wear, D.N., Brewer, C.K., 2014. An analysis of forest land 
use, forest land cover and change at policy-relevant scales. Forestry 87 (2), 267–276. 

Coulston, J.W., Wear, D.N., Vose, J.M., 2015. Complex forest dynamics indicate potential 
for slowing carbon accumulation in the southeastern United States. Sci. Rep. 5, 8002. 

Curtis, P.G., Slay, C.M., Harris, N.L., Tyukavina, A., Hansen, M.C., 2018. Classifying 
drivers of global forest loss. Science 361 (6407), 1108–1111. https://doi.org/ 
10.1126/science.aau3445. 

d’Amour, C.B., Reitsma, F., Baiocchi, G., Barthel, S., Güneralp, B., Erb, K.-H., Haberl, H., 
Creutzig, F., Seto, K.C., 2017. Future urban land expansion and implications for 
global croplands. Proc. Natl. Acad. Sci. 114 (34), 8939–8944. 

Danielson, J.J., Gesch, D.B., 2011. Global multi-resolution terrain elevation data 2010 
(GMTED2010). US Department of the Interior, US Geological Survey. 

Dannenberg, M.P, Song, C., Hakkenberg, C.R., 2018. A long-term, consistent land cover 
database for the southeastern United States using Automatic Adaptive Signature 
Generalization (AASG). Photogrammetric Eng. Remote Sensing 84 (9), 559–568. 

Didan, K., Munoz, A.B., Solano, R., Huete, A., 2015. MODIS vegetation index user’s guide 
(MOD13 series). University of Arizona: Vegetation Index and Phenology Lab. 

Domke, G.M., Oswalt, S.N., Walters, B.F., Morin, R.S., 2020. Tree planting has the 
potential to increase carbon sequestration capacity of forests in the United States. 
Proc. Natl. Acad. Sci. 117 (40), 24649–24651. 

Erb, K.-H., Kastner, T., Luyssaert, S., Houghton, R.A., Kuemmerle, T., Olofsson, P., 
Haberl, H., 2013. Bias in the attribution of forest carbon sinks. Nature Climate 
Change 3 (10), 854–856. https://doi.org/10.1038/nclimate2004. 

ESA. (2017). Land cover CCI product user guide version 2. 
Falkowski, P., Scholes, R.J., Boyle, E.E.A., Canadell, J., Canfield, D., Elser, J., Gruber, N., 
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