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Abstract—The upper Luanhe River Basin is a significant ecolog-
ical barrier guarding the Beijing–Tianjin–Hebei region in China.
Quantitative measures of vegetation productivity can be used to as-
sess ecosystem carbon sequestration capacity and monitor regional
ecological environmental health. Although several vegetation pro-
ductivity products have been generated, poor spatiotemporal res-
olution limits their application in ecosystem service assessment. In
this article, vegetation net primary productivity (NPP) from 2000 to
2017 with a resolution of 30 m in the upper Luanhe River Basin was
generated based on a data fusion model and the multisource data
synergized quantitative (MuSyQ) NPP model. Then, the variation
trend of NPP and its climate controls were analyzed. Compared
with forest NPP observation data, we derived an R2 of 0.68 and the
root-mean-square error of 81.70 gC.m−2.yr−1. Annual NPP had a
fluctuating increasing trend from 2001 to 2017, with values ranging
between 3.43 and 5.00 TgC.yr−1, with an annual increase trend
of 0.04 TgC.yr−1. Precipitation was significantly correlated with
NPP in the upper part of the Luanhe River basin, which is an
important reason for the interannual variation of NPP. Grassland
had a stronger correlation to precipitation than forest because it is
more sensitive to precipitation. The area where the temperature is
significantly correlated with annual NPP only accounts for 2% of
the study area, indicating that temperature has a weak influence on
NPP. Furthermore, human activities, such as forest management,
fertilization, and irrigation, can change the trend of annual NPP.

Index Terms—Climate controls, downscaling, net primary
productivity (NPP), spatiotemporal variation, the upper Luanhe
River basin.
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I. INTRODUCTION

V EGETATION productivity is a key indicator for estimating
carbon sequestration and characterizing vegetation activ-

ity, which plays a key role in climate change and the carbon
balance [1]–[3]. Net primary productivity (NPP) indicates the
efficiency of fixation and transformation of photosynthates and
directly reflects productive capacity of vegetation in the natural
environment [4]. Since the 1960s, NPP has been listed as one
of the key issues in the International Geosphere–Biosphere
Program, International Biology Plans, World Climate Research
Programme, and Kyoto Protocol [5].

In situ observations provide a way to obtain vegetation
productivity with high precision; however, they require large
investments in finance and time and are limited to site-scale
research [6]. Satellite remote sensing can supply large-scale
land surface parameters data and many models based on remote
sensing data have been developed to generate regional and
global vegetation productivity products. The light-use efficiency
(LUE) models that estimate gross primary productivity (GPP) or
NPP from absorbed photosynthetically active radiation (PAR)
and LUE are the most used models, such as the Carnegie-
Ames-Stanford-Approach (CASA) [7], the GLObal Production
Efficiency Model (GLO-PEM) [8], the Moderate Resolution
Imaging Spectroradiometer (MODIS) NPP algorithm (MOD17)
[9], the eddy covariance-light use efficiency model (EC-LUE)
[10], and vegetation photosynthesis model [11]. The MOD17
GPP/NPP products have become the most generally used pro-
ductivity products, and the spatial resolution is 500 or 1000
m [12]. However, the relatively coarse spatial resolutions of
vegetation productivity products have restricted their application
in ecosystem service and vegetation dynamic research at a local
scale [13], [14]. In this context, utilizing the advantages of
remote sensing data at different scales to produce high spa-
tiotemporal resolution vegetation productivity and analyzing its
spatiotemporal pattern is of prime importance to regional carbon
budget assessment and ecological environmental monitoring.

Interannual variation of vegetation productivity is mainly in-
fluenced by climate and human activity. There have been efforts
to study the impact of climate change on vegetation productivity
in northern China [15]–[18]. Recent studies have shown that
NPP in northern China has been increasing since this century,
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Fig. 1. (a) Location of the Luan River Basin. (b) Location of the Saihanba Forest Farm. (c) Altitude of the Luan River Basin. (d) Distribution of land-cover types
in the upper Luanhe River basin.

and precipitation is the primary climatic factor for NPP growth,
but temperature has an inhibitory effect on vegetation growth in
these areas [16], [19], [20]. However, these findings are aimed
at the overall trend of northern China or northern grassland.

The upper Luanhe River Basin is located in the arid/humid
transition zone, which is also the transition zone from grassland
to forest. It is a significant ecological barrier for guarding the
Beijing–Tianjin–Hebei region in China, and its northern part is
the core part of the “Three North Shelter Forest Project” and
the “Saihanba Mechanical Forest Farm.” Since the 1960s, the
Saihanba Forest Farm has responded to the national appeal for
afforestation work to improve the ecological environment. Cur-
rently, Saihanba is home to the largest North China larch plan-
tation in the Northern Hemisphere [21], as well as a large area
of scotch pine plantation, which plays a key role in water con-
servation and climate regulation in the Beijing–Tianjin–Hebei
region. Man-made or natural reshaping of the landscape occurs
frequently, causing the vegetation growth to be very unstable,
and the grassland is more sensitive to climatic change than the
forest [17], [22], [23], which cause vegetation in the arid/humid
transition zone to be more sensitive to climate fluctuations [18],
[24]. Therefore, the response of NPP to the climate in this region
remains uncertain.

The main purposes of this article are as follows:
1) to present a high-resolution of the leaf area index (LAI)

and fraction of photosynthetically active radiation (FPAR)
using a downscaling method;

2) to obtain high-resolution time series of GPP/NPP based
on an LUE-based NPP model; and

3) to analyze the spatiotemporal variation and climate con-
trols of NPP in the upper Luanhe River Basin.

This article provides a reference for the estimation of regional
vegetation productivity with high resolution and helps reveal the
ecological status of the upper Luanhe River Basin.

II. STUDY AREA AND MATERIALS

A. Study Area

The upper Luanhe River catchment is mainly located in
the northern part of Hebei Province, China, bordering the
Keshiketeng Banner of Inner Mongolia to the north (40°42′N–
42°45′N, 115°36′E–117°36′E). The location and land-cover
types of the catchment are shown in Fig. 1. Land-cover types
mainly are forest, cropland, grassland, bare land, and shrubs.
The terrain descends from the northwest to the southeast, with
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an altitude of 400–2300 m. The study area has a semiarid
continental monsoon climate, with a temperature below 0°C in
winter and approximately 20°C in summer and average annual
precipitation of approximately 400 mm. The Saihanba National
Nature Reserve in the northeastern part of the catchment is
a typical forest-steppe ecotone ecosystem and was awarded
“Champions of the Earth” from the United Nations Environment
Program in 2017. The reserve has diverse ecological landscapes
and rich biological species is one of the typical representative
areas of vegetation in northern China. The tree species in the
reserve mainly include North China larch, scotch pine, birch,
and aspen.

B. Data and Data Processing

1) Remote Sensing Data: Global Land Surface Satellite
(GLASS) LAI/FPAR products from 2001 to 2017 were pub-
lished by the Center for Global Change Data Processing and
Analysis of Beijing Normal University1 with spatiotemporal
resolutions 1 km/500 m and 8 days, respectively [25]–[28].
The Surface reflectance products came from the atmospherically
corrected Landsat data of the United States Geological Survey.2

This work collected 60 scenes of TM images and 42 scenes of
ETM+ images from 2001 to 2017. Land-cover data adopted
GlobeLand30 land-cover map for 2010, which was mapped
from Landsat and Chinese HJ-1 satellite images, depend on
the pixel-object-knowledge classification method. With spatial
resolution of 30 m and overall accuracy of 83.5%, the map was
composed of ten land-cover types, for example, forest, grassland,
and cultivated land [29]. However, since the forest classification
of GlobeLand30 was not refined, the forests in the study area
were further classified into four types, i.e., deciduous needle-
leaf forest, evergreen needle-leaf forest, deciduous broadleaved
forest, and mixed forest, using a 30-m resolution forest map in
China [30].

2) Meteorological Data: Meteorological data (daily maxi-
mum temperature, minimum temperature, mean temperature,
and precipitation) gathered from 17 meteorological stations
around the catchment were mapped to 30 m adopting the kriging
interpolation. Monthly average temperature and precipitation
were calculated from daily temperature and precipitation. In
addition, the mountain microclimate simulation model (MT-
CLIM) was used to simulate monthly solar shortwave radiation
with a resolution of 30 m [31].

3) Field Data: Ground-based field data were collected at
32 plots in September 2017 and July 2018 in Saihanba, Hebei
Province, China. According to the typical forest species, forest
ages, and fraction of vegetation cover, 11 sample plots of Pinus
sylvestris, 4 sample plots of white birch, and 17 sample plots
of larch were selected. The plot had high vegetation cover in
the forest and sparse understory vegetation. The sites of field
sampling plots are shown in Fig. 1(b). The size of each plot was
30 m × 30 m, and the geographic coordinates and dominant tree
species of the plot, diameter at breast, and height of all trees

1[Online]. Available: http://www.bnu-datacenter.com/en
2[Online]. Available: https://lpcsexplorer.cr.usgs.gov/

were measured. All the trees in each plot were divided into three
sections according to the diameter at breast height from small to
large, and three sample trees were randomly selected for each
diameter class according to the three diameter classes. One core
sample from both sides of the tree was obtained with a 5-mm
diameter drill at breast height. In total, 288 cores were collected.
The cores were dried, mounted, and gradually sanded to a high
polish. After careful cross-dating [32], the calendar year of each
tree ring was determined using standard dendrochronological
techniques.

Forest NPP is the sum of biomass growth and litter and animal
feed intake. Since the Saihanba area is a national nature reserve,
it is less affected by human and animal disturbances. In addition,
the amount of litter was basically constant after the forest canopy
was closed. Therefore, the amount of litter and animal feed
intake could be neglected in this study. The height-DBH model
of each tree species was established using plot data, and then the
annual DBH and tree height were obtained based on tree-ring
width data. The annual aboveground biomass was estimated
based on the biomass estimation formula of each tree species
[33]. Finally, the annual growth of biomass was approximately
taken as the annual forest NPP.

4) DEM Data: The new Global Digital Elevation Model
(GDEM v2) products with a resolution of 30 m came from the
Geospatial Data Cloud platform.3 They were generated from
ASTER data. In this study, seven DEM images (N40E117,
N41E115, N41E116, N41E117, N42E115, N42E116, and
N42E117) were collected. Furthermore, the slope data and as-
pect data were extracted from DEM data.

5) Forest Aboveground Biomass: Forest aboveground
biomass at a resolution of 30 m, with an R2 of 0.50 and the
root-mean-square error (RMSE) of 30.33 Mg/ha, was estimated
based on a random forest model by using the Geoscience
Laser Altimeter System (GLAS) data on Ice, Cloud, and land
Elevation Satellite (ICESat) and Landsat surface reflectance
products.

III. METHODS

To obtain time series of high-resolution GPP/NPP at monthly
scale, we combined a downscaling method and an LUE-based
NPP model (see Fig. 2). Using Landsat surface reflectance
products and GLASS LAI/FPAR products, the downscaling
method was adopted to produce monthly high resolution (30 m)
LAI/FPAR. Then, the monthly GPP/NPP was calculated with
the MuSyQ-NPP model by inputting the land-cover data, forest
biomass, meteorological data, and downscaled LAI and FPAR.
Ground-based field data were used to validate NPP estimates.
In addition, the spatiotemporal variation characteristics of NPP
and their relevance with climatic factors were analyzed.

A. Estimation of High-Resolution GPP/NPP

1) Downscaling of LAI and FPAR: The spatiotemporal en-
hancement method for medium-resolution LAI (STEM-LAI) is
a downscaling method aimed at generating high-resolution LAI

3[Online]. Available: http://www.gscloud.cn

http://www.bnu-datacenter.com/en
https://lpcsexplorer.cr.usgs.gov/
http://www.gscloud.cn
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Fig. 2. Flowchart of GPP/NPP estimates from downscaling method and LUE-based NPP model.

from Landsat and MODIS data by combining a regression tree
model [34] and Spatial and Temporal Adaptive Reflectance Fu-
sion Model (STARFM) [35]–[38]. In this work, the STEM-LAI
was adopted to downscale the 1 km/500 m GLASS LAI/FPAR
to 30 m LAI/FPAR.

First, high-quality GLASS LAI/FPAR samples were selected
according to product quality flags to ensure the optimum quality
of the regression tree training. Then, the coefficients of variation
(CV) of Landsat reflectance pixels within each GLASS 1 km or
500 m pixel was computed to select GLASS pure pixels with low
heterogeneity according to the threshold. GLASS pixels with the
band mean CV below the threshold was recognized to be pure
pixels. A cubist regression tree model was built adopting GLASS
pure pixels and aggregated Landsat reflectance (1 km/500 m),
and then applied to high-resolution (30 m) Landsat reflectance
images to obtain high-resolution (30 m) LAI/ FPAR.

Finally, STARFM was used for time-series GLASS
LAI/FPAR (1 km/500 m) and Landsat-derived high-resolution
LAI/FPAR (30 m) to produce time-series high-resolution
LAI/FPAR (30 m).

2) Estimation of GPP/NPP: The MuSyQ-NPP model was
used to obtain 30-m GPP/NPP. MuSyQ-NPP model is an LUE
model developed by Cui et al. [39]; it adopts the principle of LUE
to estimate GPP and NPP is the residual of GPP and autotrophic
respiration. The model has been validated by Cui et al. [39]
and Yu et al. [40] in China and globally, and the R2 and RMSE
between estimated NPP and BigFoot NPP were 0.84 and 160.16

TABLE I
BIOME-SPECIFIC POTENTIAL LUE OF DIFFERENT LAND-COVER TYPES

gC·m−2·yr−1, which is better than MOD17 NPP products with
R2 and RMSE of 0.55 and 219.26 gC·m−2·yr−1 [40]. GPP and
NPP could be expressed as follows:

GPP = εg × FPAR× PAR× f1 (T )× f2 (β) (1)

NPP = GPP−Ra (2)

where εg represents the biome-specific potential LUE, which is
determined by land-cover type [9], as shown in Table I. FPAR
is the fraction of PAR absorbed by vegetation canopy.
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f1(T ) and f2(β) are the limited influence of temperature
and water conditions on εg , respectively. f1(T ) is computed
by using the expression in the CASA model [7]. Vapor pres-
sure deficit (VPD) has been used to estimate water press on
vegetation productivity in some models, such as MOD17 [9]
and the revised EC-LUE model [41]. However, VPD might not
fully reflect the effect of water conditions on vegetation growth,
especially for the irrigated cropland in an arid or a semiarid
area. In the MuSyQ-NPP model, we used the ratio of actual
evapotranspiration to potential evapotranspiration to reflect the
water press, and f2(β) is expressed as

f2 (β) = 0.5 + 0.5 (E/Ep) (3)

where E and EP are actual and potential evapotranspiration, re-
spectively, andE was calculated by using an improved Penman–
Monteith approach and remotely sensed LAI data [42], [43], and
EP was calculated with Priestley–Taylor equation [44]. Ra is
autotrophic respiration, which can be expressed as

Ra = Rm +Rg =
∑

(Rm,i +Rg,i) (4)

Rm,i = Mirm,iQ
(T−Tb)/10
10,i (5)

Rg = γ (GPP −Rm) (6)

where Rm and Rg are maintenance respiration and growth
respiration, respectively.Mi, rm,i, andQ10,i are the live biomass
of the plant component, the maintenance respiration coefficient,
and the temperature sensitivity factor. Tb and T are the base
temperature and the daily average temperature.Rg is the portion
to the difference between GPP and Rm. The growth respiration
coefficient γ is 0.25.

B. Analysis of Spatiotemporal Variation of NPP

The spatiotemporal trends of NPP in the upper Luanhe River
basin were analyzed by the pixel-by-pixel linear regression
method [45]. The partial correlation analysis method was used
to study the response of NPP to climatic factors, and the rela-
tionship between the standardized precipitation index (SPI) and
NPP was also analyzed. The partial correlation is calculated as
follows:

rxy,z =
rxy − rxz · ryz√
(1− r2xz)(1− r2yz)

(7)

where rxy, rxz, and ryz are the correlation coefficients of vari-
ables x and y, x and z, and y and z, respectively. rxy�z is the partial
correlation coefficient of the variables x and y after the variable
z is fixed.

SPI is a precipitation index, which assumes that the distribu-
tion of precipitation is skewed [46]. The SPI has the advantages
of multiple time scales, fine spatial consistency, and temporal
flexibility [47], and thus has been widely used in the spatiotem-
poral analysis of drought [48], [49]. To analyze the effect of
precipitation on NPP, we also calculated SPI in the study area.
The detail of SPI calculation was described in Supplementary
Material.

TABLE II
GRADING STANDARD OF DROUGHT DEGREE BY THE SPI

Fig. 3. Validation of estimated NPP against field NPP.

It is commonly believed that a short-term scale SPI (e.g., 3 or
6 months) can better reflect drought-affected vegetation [47]. In
this article, the SPI was calculated on a 6-month time scale. The
smaller the SPI, the higher the degree of drought, indicating a
more severe drought. According to the grading standard of the
National Climate Center, China, the drought level can be divided
into five levels [50]. The specific grading standards are shown
in Table II.

IV. RESULTS

A. Validation of Estimated NPP

We only validated the estimated NPP with field investigated
forest NPP data in this article. The scatterplot between the
estimated NPP and field NPP data is shown in Fig. 3. There
was a remarkable linear relationship between the field NPP and
estimated NPP. The RMSE was 81.70 gC.m−2.yr−1 and R2 value
was 0.68. The yearly validation results of NPP from 2001 to 2017
were shown in Table III, which showed that the value of RMSE
ranged from 66.95 gC.m−2.yr−1 to 93.58 gC.m−2.yr−1, and the
value of R2 ranged from 0.60 to 0.85. We found that there was
an NPP overestimation at low values. One of the reasons for the
overestimation could be that litter and animal feed intake were
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TABLE III
YEARLY VALIDATION RESULTS OF NPP FROM 2001 TO 2017

Fig. 4. Average NPP in the upper Luanhe River basin from 2001 to 2017.

not included in the field NPP, which caused the underestimation
of field NPP.

B. Spatiotemporal Variation of NPP

The average NPP in the upper Luanhe River catchment from
2001 to 2017 is shown in Fig. 4. NPP in the study area revealed a
decreasing pattern from southeast to northwest. High NPP values
were mainly distributed in the southeastern and northeastern
forest areas and western cropland area, with a range of 200–600
gC.m−2.yr−1. Low NPP values were distributed extensively in

Fig. 5. Interannual variation of total NPP in the upper Luanhe River basin
from 2001 to 2017.

Fig. 6. (a) NPP trends in the upper Luanhe River basin from 2001 to 2017, (b)
the NPP trend of Saihanba area, and (c) trends of main vegetation types.

the middle and northern grassland areas, with a range of 50–
200 gC.m−2.yr−1. NPP values in the Saihanba area were mostly
distributed in the range of 200–400 gC.m−2.yr−1, and the highest
was 704.5 gC.m−2.yr−1.

The interannual variation in total NPP in the upper Luanhe
River basin from 2001 to 2017 is shown in Fig. 5. Annual
NPP had a fluctuating increasing trend from 2001 to 2017,
with values ranging between 3.43 and 5.00 TgC.yr−1 (1 Tg =
1×1012 g), with a mean of 3.99 TgC.yr−1 and an annual increase
of 0.04 TgC.yr−1. The peak NPP was presented in 2017, and
the minimum was presented in 2002. However, the changing
trend of NPP varied in different time periods. NPP increased
significantly in 2002–2003, 2010–2012, and 2015–2017, with
an annual growth rate of 0.97 TgC.yr−1, 0.34 TgC.yr−1, and
0.81 TgC.yr−1, respectively. NPP had a fluctuating decreasing
trend in 2003–2010 and 2012–2015, with an annual growth rate
of −0.12 TgC.yr−1 and −0.23 TgC.yr−1, respectively.

The slope of NPP obtained by linear regression of NPP in
the past 17 years is shown in Fig. 6. The results indicated
that NPP presented an upward tendency in most of the study
area. The statistics of the trend spatial distribution map of NPP
show that NPP increased most significantly in the southeastern
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Fig. 7. Partial correlation distribution between annual NPP and (a) total annual precipitation and (b) average annual temperature. + are statistically significant
positive correlation(p ≤0.05), and � are statistically significant negative correlation(p ≤0.05).

forest area and western cropland area, with the highest increase
of 52.6 gC.m−2.yr−1. NPP increased slightly in the central
grassland area and decreased in the northeastern forest area and
the southernmost forest area, with a lowest increase of −58.37
gC.m−2.yr−1. Among the major land-cover types, farmland had
the fastest rate of increase (5.23 gC.m−2.yr−1), secondary by
forest (2.44 gC.m−2.yr−1), and the smallest was observed for
grassland (1.27 gC.m−2.yr−1). In the Saihanba area, NPP in-
creased obviously in the west but increased insignificantly or
decreased slightly in most other areas.

C. Effects of Climatic Factors on Annual NPP Change

Fig. 7 shows the distribution of partial correlations between
annual NPP and climatic factors (precipitation and temperature).
There was a remarkably positive correlation between NPP and
annual precipitation, with 76% of the regions with positive
correlation, 14% of the regions with significant positive corre-
lation, and almost none of the regions with significant negative
correlation [see Fig. 7(a)]. The strongest correlations between

NPP and precipitation was primarily located in the northwestern
farmland and grassland areas, while the correlations in the forest
area were poor, which indicated that precipitation had obvious
promotional influences on grassland growth in the study area.
The partial correlations between annual NPP and average annual
temperature based on pixels is shown in Fig. 7(b). The partial cor-
relation between NPP and mean annual temperature was weak.
Although the area of positive correlation between temperature
and NPP was about 55% of total area, the significant positive
correlated area (p≤0.05) was less than 1%, and the significant
negative correlation only accounts for 2% of the study area. The
correlations of NPP with temperature and precipitation were not
significant in most of the Saihanba area.

As Fig. 8 illustrates, droughts mainly occurred in 2001, early
2006, 2009–2010, and early 2012. NPP in 2001–2002, 2009–
2010, and 2015 was low. The drought in 2006 and 2012 appeared
in Winter (February and January, respectively), and the drought
period is short, which had weak impact on NPP. The moderate
drought in 2009–2010 lasted about 6 months, which caused the
large decrease in NPP in 2009 and 2010.



360 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

Fig. 8. Temporal variation trends of SPI in the upper Luanhe River basin.

V. DISCUSSION

A. Uncertainties of NPP Simulation

High spatial resolution NPP data are essential for monitoring
small- and medium-scale ecosystem carbon cycles. The veri-
fication of field forest NPP data showed that this downscaling
framework performs well in acquiring time series of NPP data
in the upper Luanhe River catchment. However, there are still
uncertainties in this study. First, the downscaling process of LAI
and FPAR could cause some uncertainties. The accuracy of the
cubist regression tree model used in the downscaling process
depended on the quantity and quality of training samples, which
could affect the quality of high-resolution LAI and FPAR ref-
erence images [38], [51]. The pixels of GLASS 1 km/500 m
products are mostly mixed because of the spatial heterogeneity,
the widely existence of low vegetation cover types (e.g., bare
land) could result in the low values of GLASS LAI and FPAR
products in the growing season. So, the high values of LAI and
FPAR could not be described accurately. Second, limited by
the data quality of Landsat surface reflectance products, such
as cloud cover, only a single reference high-resolution image
in summer for each year was selected to estimate the LAI and
FPAR for a year by using STARFM model. However, the closer
to the reference date, the more accurate the downscaling results
were. The precision of the downscaled LAI and FPAR was
limited in the early and late months of a year, such as January
to March and October to December [14]. Third, limited by the
field experiment, the NPP estimation was only validated by the
investigated data from forest samples. The accuracy of NPP for
other vegetation types still needed to be done in future.

B. Driving Forces of NPP Change

Temperature and precipitation changes could regulate the
hydrothermal conditions for vegetation growth, particularly in
dryland ecosystems [52], [16]; therefore, arid and semiarid
ecosystems are dramatically susceptible to climate change [53].
In our research, the precipitation in the upper Luanhe River

catchment was positively correlated with NPP, and the cor-
relation between temperature and NPP was weak, suggesting
that the changes in NPP were mainly affected by precipitation.
Therefore, the upward in precipitation was the important reason
for the rise in NPP, and the correlation between temperature and
NPP changes is weak, which is in accordance with the results of
previous studies in this area [16], [19], [20]. In the agricultural
transition zone of northern China, Jiang et al. [16] found that
only 1% of area temperature was significantly associated with
NPP from 2000 to 2015, and only 2% of the region where
the temperature was significantly related to NPP in our study
area, indicating that the temperature in this region has a weak
influence on NPP. Climate warming may have weakened the
association between vegetation growth and temperature in the
north [54]. Although rising temperatures can extend the growing
season of vegetation, they can also lead to an increase in evapo-
transpiration; thus, the influence of water stress on vegetation
growth could increase when the change in precipitation was
not obvious. In addition, rising temperatures could increase the
autotrophic respiration of vegetation, thus causing a decline in
NPP.

NPP responds differently to precipitation under different land-
use types, and the association between NPP and grassland is
obviously superior to the forest. Forests are greater efficiency
at utilizing water than grasslands during drought [17], [21],
[22], and most forests can endure water scarcity as they might
obtain water contained in the deep soil layers [55]. Grassland
phenology and growth conditions are usually more sensitive to
precipitation than forests [56].

It is worth noting that the NPP of cropland had a rapid growth
trend, and the precipitation also had a strong correlation with
NPP. Meanwhile, human activities can adjust the response of
cropland NPP to precipitation changes through irrigation and
fertilization [17], [57]. Especially in arid and semiarid areas,
NPP of agricultural land is generally higher than that of forest
and grassland areas with the help of artificial irrigation and other
agricultural inputs [58]. The study by Sun et al. also found that
improved farm production practices, fertilization and irrigation
had a significant effect on vegetation productivity in the upper
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Fig. 9. Trend of harvesting area and afforestation area in the Saihanba forest
farm from 2001 to 2017.

Luanhe River basin [59]. Thus, the increase in NPP in cropland
is driven by a combination of precipitation and human activities.

In addition to being influenced by climate, the annual variation
of NPP in Saihanba area is also influenced by human activities.
NPP increased significantly in the western part of the Saihanba,
while it increased insignificantly or decreased slightly in most
other areas of the Saihanba (see Fig. 6), and the correlation
between annual NPP and precipitation or temperature was weak
(see Fig. 7), which was also related to forest management.
Western Saihanba is mainly located in the core area of the
Saihanba National Nature Reserve, and the obvious increase
in NPP reflected the significant effect of forest protection and
afforestation over the years. For the area outside of the Nature
Reserve in the Saihanba area, there were both afforestation and
selective cutting of trees. According to the statistics of Saihanba
Forest Farm, the cutting area (including tending, excavation,
secondary forest transformation, logging, low yield forest im-
provement, and final cutting) increased from 2001 to 2017, but
the afforestation area showed a downward trend, as shown in
Fig. 9, which would affect forest density and slow down the
increasing trend of NPP and decrease the correlation between
NPP and climatic factors.

VI. CONCLUSION

In this article, time-series NPP of 30 m resolution in the
upper Luanhe River Basin was generated by the data fusion
model and MuSyQ-NPP model. Compared with field forest NPP,
we derived an R2 of 0.68 and RMSE of 81.70 gC.m−2.yr−1,
which proved that the estimated NPP was reliable and that the
combination of the downscaling method and LUE-based NPP
model was practicable. High NPP were distributed primarily
in the southeastern and northeastern forest areas and western
cropland area, and low NPP were distributed extensively in
the middle and northern grassland areas. Annual NPP had a
fluctuating increasing trend from 2001 to 2017, with values
ranging between 3.43 and 5.00 TgC.yr−1, and an annual upward
of 0.04 TgC.yr−1. The results also showed that precipitation is
an important reason for the interannual variation of NPP in the
upper Luanhe River basin, and grasslands were more sensitive
to precipitation than forests. Human activities, such as forest
management, also strongly affect annual changes in NPP, and

the weak relevant between annual NPP and climatic factors in
the Saihanba area can also be attributed to afforestation and
selective cutting of trees.
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