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Abstract

The Qinling Mountains are an important geographic boundary in central and eastern China.  
The region has diverse and complex mountain ecosystems that are ideal to study the response 
of terrestrial ecosystems in the context of global climate change. Based on GIMMS NDVI data, 
meteorological data, and DEM and vegetation type data, we used the Comprehensive and CASA 
(Carnegie Ames Stanford Approach) models simulate NPP (Net Primary Productivity) and the response 
to climate change in the Qinling Mountains from 1982 to 2015. The research includes three main 
aspects: (1) MOD17A3 NPP data was used to compare the accuracy of the NPP values obtained by 
different methods. The NPP values calculated using the CASA model and GIMMS NDVI were most 
accurate without considering the vegetation type. (2) Changes in NPP were analyzed. The change trend 
of inter-annual and seasonal NPP was not significant temporally, but the inter-annual and spring NPP 
increased significantly, reaching 35.49% and 57.84% of the total study area, respectively, while the area 
of winter NPP significantly reduced by 22.87%. (3) The relationship between NPP and air temperature 
and precipitation was analyzed. The proportion of significant positively correlated inter-annual and 
spring NPP and precipitation values were higher, reaching 31.20% and 21.20%, respectively, while  
the proportion of significant positively correlated spring and autumn NPP values were only 10.80%  
and 10.20%, respectively. The complexity of the Qinling mountainous system enhances the heterogeneity 
of spatial and temporal variations in NPP and the response to climate change.
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Introduction

Research on the impacts of global climate change 
is a current area of focus for scholars in different 
fields [1-2]. Terrestrial vegetation is an important 
part of the global ecosystem, and is closely related 
to biodiversity. Terrestrial vegetation in ecosystems 
experiences severe changes due to global warming 
[3]. The five consecutive assessment reports from the 
Intergovernmental Panel on Climate Change (IPCC) 
(1990, 1995, 2001, 2007 and 2013) have all shown that 
global warming is unquestionably occurring, and that 
regions at high latitudes and high altitudes have been 
the most sensitive to that change [4]. As an important 
geographical boundary between central and eastern 
China, the Qinling Mountains have diversely vegetated 
and complex ecosystems, and are an ideal place to 
study the response of terrestrial vegetation to climatic 
changes.

Although there are still many uncertainties in 
projections of global warming [5], the UN-FCCC 
has recommended actions to reduce and mitigate the 
impacts by limiting and reducing CO2 emissions, but 
these actions are voluntary, and the majority of countries 
have not met their voluntary country commitments. 
Most efforts to accomplish this have been made through 
reductions in fossil fuel consumption or increases in 
intensive use efficiency. In the global carbon emissions 
reduction process, vegetated terrestrial ecosystems have 
the added function of carbon fixation and oxygen release 
[6], and the temporal and spatial patterns of vegetation 
net primary productivity (NPP) and their response to 
climate change have received extensive attention [7-10]. 
Considering these trends, investigating and quantifying 
the temporal and spatial variation of NPP response to 
climate change in the Qinling Mountains has the dual 
theoretical significance of reflecting both global and 
regional climate change impacts and guiding regional 
strategies for carbon emission reduction.

NPP is mainly controlled by climatic factors and 
has certain sensitivities to and lags changes in climate. 
The response of NPP to climate change has become 
an indicator of the direction of regional ecological 
change, and research has focused on two aspects: stable 
and extreme climates. With respect to stable climates, 
Nemani et al. argued that global climate change in 
1982-1999 reduced the level of key factors limiting 
plant growth, resulting in a 6% increase in global NPP 
[11]. Zhao et al. showed that the reduction of heat and 
water stress on plant growth did not increase vegetation 
NPP from 2000 to 2010, but that a global drought event 
reduced NPP levels [12-13]. Zhu et al. showed that the 
average NPP in the African Savanna decreased by 
2.13 gC/m2 per year from 1982 to 2010 [14]. Li et al. 
found that the NPP in global terrestrial ecosystems 
significantly increased from 1976 to 2005 and was 
sensitive to a warming climate [15]. This collection of 
studies suggests that during different time periods, using 
different data sets and different methods may result in 

contradictory results. Extreme weather events (such as 
heavy rain or drought events) caused forest NPP to drop 
by more than 25% [16-18]. Sun et al. concluded that 
drought events led to a decrease of 112.06 TgC in NPP 
in the northern part of China from 1999 to 2013 [19]. 
While extreme weather events (drought and heavy rain 
events) decreased NPP, levels recovered to their original 
values through self-growth in, showing that NPP has 
elasticity or resilience.

There were relatively few studies on NPP in the 
mountainous vegetated regions of Qinling. However, 
there were studies conducted from individual tree 
species to ecosystem scales. Li et al. stated that the 
biomass of Larix chinensis forest in the north and south 
slopes of the Qinling Mountains increased from 1958 to 
2008 [20]. Jiang et al. showed that the NPP in Qinling 
was lower than that of vegetation in Bashan from 1959 
to 2010, and the NPP in the Hanjiang River Basin in 
southern Shaanxi showed a decreasing trend during  
the same time period [21-22]. Yuan et al. estimated 
that the annual average NPP from 1999 to 2008 was  
542.24 gC/m2 using the CASA model [23]. Wang et 
al. indicated that the annual average NPP from 2000 
to 2013 was 600 gC/m2 using MOD17A3 data [24]. 
These variations in results show that more research 
is needed to elucidate the response of NPP to climate 
in the Qinling Mountains using different analysis 
methods and models. As an important mountainous 
ecosystem in central and eastern China, more research 
is needed to strengthen the understanding of and 
provide theoretical and quantitative support for the 
coordinated development of mountain ecosystems and 
regional economic and social development. Based on 
GIMMS NDVI data, meteorological data, and DEM and 
vegetation type data, the comprehensive CASA model 
was used to simulate NPP and the response to climate 
change in the Qinling Mountains from 1982 to 2015.  
The objective of this study was to evaluate the 
applicability of the CASA model and to reveal the 
characteristics of changes in NPP in the Qinling 
Mountains and the relationships with air temperature 
and precipitation under the background of global 
warming.

Materials and Methods

Study Area

The Qinling Mountains are the boundary between 
the Yellow and the Yangtze Rivers and between the 
warm temperate and the subtropical zones. The study 
area was located between 105°30′E-111°05′E and 
31°55′N-34°35′N, with a total area of about 7×104 km2 
(Fig. 1a). The climate gradient from the north to south 
of the mountain range was large, gradually transitioning 
from a warm temperate continental monsoon climate 
to a subtropical monsoon climate. Over that gradient, 
the annual precipitation increased from 500 to over 
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1000 mm and the average air temperature of the 
Qinling Mountains significantly diminished. From 
the foothills to the main peak of Taibai Mountain, the 
Baxiantai (3771.2 m above sea level), the vegetation 
experienced changes from evergreen broadleaf forest 
to mountain deciduous broad-leaved forest, mountain 
coniferous forest, alpine shrub, and alpine meadow. 
The differences in climate led to a large difference 
between the ecosystems on the northern and southern 
slopes. The north slope has steep mountains with short 
and rapid rivers, such as the Bahe and the Chanhe 
River. On the south slope, the mountain slopes are 
gentle and the rivers are long, such as the Hanjiang 
and Danjiang River. A mountain valley in the area was 
developed into a densely populated area. The Qinling 
Mountains became the water source for the Middle 
Rote Project of China’s South-to-North Water Transfer 
Project in 2014, and the resulting changes in terrestrial 
ecosystems received more attention. From 1982 to 2015, 
the annual average air temperature and precipitation 
in the Qinling Mountains showed an increasing trend. 
The rates of increase were between 0.11ºC-0.15ºC and 
9.86 mm-18.52 mm, respectively. The increasing trends 

of air temperature and precipitation provided favorable 
conditions for the growth and development of vegetation 
in the Qinling Mountains.

Data

(1) Meteorological data and solar radiation. From 
1982 to 2015, data from a total of 22 meteorological 
stations were used from the Qinling Mountains and 
nearby areas (Fig. 1), with variables including monthly 
sunshine hours, sunshine percentage, average minimum 
air temperature, average maximum air temperature, 
average air temperature, average air pressure, average 
vapor pressure, average wind speed, average relative 
humidity, the number of days of daily precipitation  
≥0.1 mm, and precipitation amount. In addition, monthly 
data on total solar radiation from the Ankang station  
(1990-2015) and Xi’an station (1982-2015) were obtained 
and downloaded from the National Meteorological 
Information Center (http://data.cma.cn).

(2) Remote sensing. Global inventory modeling and 
mapping studies (GIMMS) NDVI3g v1.0 data used 
were from 15d of global NDVI from 1982 to 2015, 

Fig. 1. a) Distribution of meteorological stations and the rate of change of b) temperature and c) precipitation during 1982-2015.
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downloaded from the Ecological Forecasting Lab at 
NASA Ames Research Center: https://ecocast.arc.
nasa.gov/data/pub/gimms/, with a spatial resolution of  
5 km (after resampling) and .nc4 standard format. 
MOD17A3 data included two resolutions: 1km 
resolution from 2000 to 2015 and 500m resolution from 
2000 to 2014.

(3) DEM data with 30 m resolution. Data were 
downloaded from the National Science Data Mirroring 
Website of the Computer Network Information Center, 
Chinese Academy of Science (http://www.gscloud.
cn). DEM was used to obtain air temperature spatial 
interpolation data using the Inverse Distance Weighted 
(IDW) method.

Methods

Since the 1970s, most models of NPP have used 
climate statistics such as general air temperature and 
precipitation, such as the early Miami model [25]. 
With more research, the Chikugo and Beijing models 
were developed [26-27]. The Comprehensive model is 
a climate-based model that uses more comprehensive 
variables to consider air temperature and precipitation, 
while CASA is a process model that also considers 
vegetation factors. In general, the accuracy of estimated 
NPP using the CASA model is higher. This paper 
uses these two models to calculate the NPP in the 
Qinling Mountains in order to compare the accuracy 
and to judge the applicability of the two models in the 
mountainous terrain.

Comprehensive model

Zhou et al. proposed a comprehensive model for 
NPP based on the regional evapotranspiration model 
according to the energy and water balance equation 
[28]. The calculation is:

2
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...where RDI is the radiation dryness; r is the 
annual precipitation, mm; PER is the potential 
evapotranspiration rate, %; and PET is the potential 
evapotranspiration amount, mm. BT is the annual 
average biological temperature, ºC; td is the daily 

average air temperature between <30ºC and >0ºC; and 
Tm is the monthly average air temperature between 
<30ºC and >0ºC.

Three different results for NPP in the Qinling 
Mountains were obtained through the use of the 
comprehensive model and air temperature interpolation 
data. The spatial resolution of NPP was 250 m from 
1982 to 2015. The calculation process is shown in  
Fig. 2.

CASA Model

The CASA model was proposed by Potter et 
al. and was determined by two factors: the level of 
photosynthetically active radiation (APAR) and the light 
energy utilization efficiency (ε) [29]. The formula is: 

NPM(x, m) = APAR(x, m) × m          (5)

...where NPP(x, m) is the net primary productivity 
of pixel x in month m, gC/m2; APAR(x, m) is the 
photosynthetically active radiation of pixel x in month m, 
MJ/m2; and ε(x, m) is the actual light energy utilization 
of pixel x in month m, gC/MJ.

The formula for calculating photosynthetically 
active radiation (APAR) is:

APAR( , ) ( , ) FPAR( , )= ×x m S x m x m    (6)

...where S(x, m) is the total solar radiation amount of the 
pixel x in the month of m, MJ/m2, calculated using the 
solar radiation calculation formula and interpolated. The 
solar radiation calculation formula is:
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...where d is the distance from the sun to the earth 
on a certain day in the local area; chiwei is the sun 
declination; shijiao is the local sunset angle; Rs is 
the theoretical daily solar radiation; dn is the day 
of the year number; fai is the local latitude; and 
h is the midday sun height. Monthly theoretical 
total solar radiation was summed using daily solar 
radiation, and the actual monthly solar radiation was 
obtained by multiplying the percentage of the station’s  
monthly sunshine time by the theoretical monthly solar 
radiation.
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FPAR(x, m) is the absorption coefficient of the 
effective radiation emitted by the vegetation canopy and 
is calculated using the following formula:

m

m m

NDVI( , ) NDVIFPAR( , ) 0.94 0.01
NDVI NDVI

−= × +
−

in

ax in

x mx m
  (11)

...where NDVImin and NDVImax are the minimum and 
maximum value of NDVI, respectively.

The light energy utilization efficiency (ε) is the 
efficiency of the photosynthetically active radiation 
absorbed by the vegetation into organic carbon,  
gC/MJ2, calculated as:

ε(x, m) = Tε1(x, m) × Tε2(x, m) × Wε(x, m) × εmax
(12)

....where Tε1(x, m) and Tε2(x, m) are the coefficients of 
low air temperature and high air temperature on the 
utilization efficiency of light energy, respectively. Tε1 is 
the photosynthetic limitation of plant biochemical action 
under lower and higher air temperature, calculated as 
follows:

2
1( ,m) 0.8 0.02 ( ) 0.0005 [ ( )]ε = + × − ×opt optT x T x T x  (13)

...where Topt(x, m) is the average air temperature in the 
month when the NDVI value reached the maximum 
in the study area within one year, ºC Tε2 is the gradual 
decreasing trend of the utilization efficiency of vegetation 

light energy, when the ambient air temperature changed 
from the optimum air temperature to a high or low air 
temperature, calculated as:

2
1.1814( , )

1 exp[0.2 ( ( ) 10 ( , ))]

1
1 exp[0.3 ( ( ) 10 ( , ))]
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+ × − −

×
+ × − − +
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T x m
T x T x m

T x T x m  (14)

...where T(x, m) is the average air temperature of month 
m. 

Wε(x, m) is the coefficient of water stress, which 
indicated the influence of water on the utilization 
efficiency of light energy. The value range was between 
0.5 (extreme drought) and -1 (extreme wetness), 
calculated as:

W ( , ) 0.5 0.5 EET( , ) / PET( , )ε = + ×x m x m x m  (15)

...where EET(x, m) is the actual evapotranspiration, mm; 
and PET(x, m) is the potential evapotranspiration, mm.
PET was calculated using the Penman-Monteith 
Combination model developed by the Food and 
Agriculture Organization of the United Nations (FAO) 
[30-31].

2
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9000.408 ( )
273

(1 0.34 )

n s aR U e e
TPET

U

γ

γ

× ∆× + × −
+=
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 (16)

Fig. 2. The NPP calculation process using the comprehensive model. RDI is the radiation dryness; PER is the potential evapotranspiration 
rate; and BT is the annual average biological temperature.
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...where PET is the potential evapotranspiration, mm/d; 
Rn is the net radiation, MJ/(m2·d); γ is the dry and wet 
constant, kPa/ºC; T is the average air temperature, ºC; 
U2 is the average wind speed at a height of 2 m from 
the ground, m/s; ea is the actual water average vapor 
pressure, kPa; es is the average saturated water vapor 
pressure, kPa; and Δ is the saturated water vapor 
pressure curve rate, kPa/ºC. The formula to calculate 
each parameter is as follows:

4 4
max min( 273) ( 273)0.77 [ ]

2

(0.56 0.25 ) (0.1 0.9 )

n s

a

T TR R

ne
N

σ + + += × − ×

× − × × + ×
 (17)

...where Rs is solar radiation, MJ/m2, the calculation 
method is mentioned above; σ is the Stephen-Boltzman 
constant, 4.903×10-9 MJ/(K4·m2·d); Tmax and Tmin are the 
highest and lowest air temperatures, respectively, ºC; n 
is the actual sunshine hours, h; and N is the illuminable 
hours, h.

2

17.274098 [0.6108 exp( )]
237.3

( 237.3)

T
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T
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...where T is the average air temperature, ºC.
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max min
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a se =e RH×                         (20)

...where RH is average relative humidity, %.

0.665 Pγ = ×                        (21)

5.26293 0.0065101.3 ( )
293

zP − ×= ×
      (22)

...where P is average air pressure, kPa; and z is altitude, 
m.

2
4.87

ln(67.8 5.42)zU U
z

=
× −             (23)

...where Uz is the average wind speed at the height z m 
from the ground, m/s.

The daily potential evapotranspiration is obtained 
according to the formula mentioned above. The monthly 
potential evapotranspiration is calculated by multiplying 
the daily value to the number of days per month, and 
the annual value is obtained by summing the monthly 
values.

EET was estimated according to an empirical 
formula proposed by Takahashi Koichiro [32]:

2
EET

exp( )
235

×= ×+ × × −
+

A RM
C tA B RM

t   (24)

...where A, B and C are empirical coefficients, which 
were 3100, 1.8 and 34.4, respectively. RM is the 
monthly precipitation, and t is the monthly average 
temperature.

εmax represents the maximum light energy utilization 
efficiency. Because εmax was related to the type of 
vegetation, εmax could be determined according to the 
results of Zhu et al. [33]. The value for an evergreen 
coniferous forest is 1.009 gC/MJ; 1.259 gC/MJ for an 
evergreen broadleaf forest; 1.103 gC/MJ for a deciduous 
coniferous forest; 1.044 gC/MJ for a deciduous  
broad-leaved forest; 1.116 gC/MJ for a mixed forest; 
0.768 gC/MJ for deciduous shrub and savanna 
grassland; 0.608 gC/MJ for grassland; 0.604 gC/MJ 
for cultivated vegetation; and others, such as cities and 
water bodies, are 0.389 gC/MJ, which was the global 
average light utilization efficiency estimated by the 
CASA model.

Two kinds of NPP were calculated using the CASA 
model, GIMMS NDVI, and the vegetation type on 
the Qinling Mountains in 2010. The spatial resolution 
of NPP was 5 km from 1982 to 2015. The calculation 
process is shown in Fig. 3.

NPP1km and NPP500m were calculated from 2000-
2014 using a more complex ecological coupling model, 
and their responses to climate change and reliability 
have been verified [34-35], but due to the shorter time 
scale they did not meet the requirements for long-term 
sequence studies. GIMMS NDVI and meteorological 
data combined with the CASA model were used to 
calculate long-term NPP results (1982-2015) and verified 
using NPP1km and NPP500 m.

Results

Comparison of NPP Calculations

The average NPP in the Qinling Mountains obtained 
from MOD17A3 from 2000-2014 was compared and 
analyzed as calculated by different models (Fig. 4). 

Fig. 4 shows that the average value of NPPcg during 
2000-2014 was between the average value of NPP1km 
and NPP500m during the same period. The average 
value of NPPcg was 35.60 gC/m2 lower than the average 
value of NPP500m, accounting for about 5.3% of the 
average value of NPP500m, which indicated that NPPcg 
was more reliable than NPPc1, NPPc2, NPPc3, and NPPcgv. 
The NPPcg obtained based on the CASA model and 
GIMMS NDVI could be used to look into the temporal 
and spatial variation of NPP in the Qinling Mountains 
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and its responses to changes in air temperature and 
precipitation. 

Temporal changes of NPP 
in the Qinling Mountains

The annual average NPP in the Qinling Mountains 
generally increased over the period of analysis. The 
critical year emerged as 1998, with the multi-year 
average value of NPP increasing from 592.36 gC/m2 
(1982-1998) to 617.63 gC/m2 (1999-2015), an increase of 
4.3 %. In the aspect of change rate, NPP increased from 

1982 to 2015 at a rate of 1.2518 gC/m2, but the rate was 
insignificant (Fig. 5a, Table 1).

In the study area, seasons were defined as spring 
from March to May, summer from June to August, 
autumn from September to November, and winter 
from December to February of the following year. In 
descending order, the seasonal multi-year average of 
NPP from 1982 to 2015 was: summer (339.36 gC/m2) 
>spring (129.10 gC/m2)>autumn (127.25 gC/m2)> winter 
(10.43 gC/m2). Except for the linearly decreasing trend 
in winter (-0.0507 gC/(m2·a)), the rate increased in 
spring (1.1141 gC/(m2·a)), summer (0.1715 gC/(m2·a)), 
and autumn (0.0041 gC/(m2·a)). The growth rate of NPP 
in spring vegetation was higher than that in summer 
(Fig. 5b, Fig. 5c, Fig. 5d, Fig. 5e, Table 1).

Spatial Changes of NPP in 
the Qinling Mountains

Spatial Changes in Annual NPP

From 1982 to 2015, the annual variation of NPP 
in Qinling Mountain vegetation was dominated by an 
increasing trend that accounted for 64.92% of the total 
area. The significant portion was concentrated in the 
southeastern study area and accounted for 35.49% of the 
area. The significant decreasing trend was distributed 
in the western part of the study area from the south to 
north and accounted for 10.83% of the area (Fig. 6a, 
Table 1). The change rate was between -6.93 gC/(m2·a) 
and 8.57 gC/(m2·a). Among the regions with decreasing 

Fig. 3. The NPP calculation process using the CASA model. FPAR is the absorption coefficient of the effective radiation emitted by the 
vegetation canopy. NDVI is the normalized difference vegetation index. 

Fig. 4. The multi-year average value of NPP with different 
calculation methods. Different types of NPP labels are explained 
in Fig. 2 and Fig. 3. Note: The upper horizontal line in the figure 
corresponds to the NPP500m annual average NPP value line for 2000-2014, 
while the lower horizontal line corresponds to the NPP1km annual average 
NPP value for 2000-2014.
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trends, the central and western regions (the Hanzhong 
Basin) had the largest rate of decline (Fig. 6b, Table 1).

Spatial Changes in Seasonal NPP

From 1982 to 2015, the trend in spring NPP 
mainly increased, accounting for 89.90% of the total 

area, of which the significantly increasing trend was 
concentrated in the middle and east of the study area 
and accounted for 57.84%. The decreasing trend 
accounted for 10.10%, of which 1.71% was significant 
and concentrated in the vicinity of Hanzhong City 
in the southwest of the study area (Fig. 6c, Table 1).  
The rate of change of the spring NPP was between 

Table 1. Statistics of the NPP change trend.

Period Sig. increase (%) Increase (%) Decrease (%) Sig. decrease (%)

Inter-annual 35.49 29.43 24.25 10.83

Spring 57.84 32.06 8.39 1.71

Summer 18.78 31.95 34.86 14.41

Autumn 5.65 47.81 39.54 7.00

Winter 0.77 32.13 44.23 22.87

At the pixel scale, the NPP change rate was divided into two categories: increasing and decreasing, and the calculated F-test results 
were divided into significant and insignificant categories according to the threshold value (For n = 34 samples and an α = 0.05, the 
threshold value was 4.15.). Finally, the change rate and the F-test result were overlaid and the NPP change trend was divided into 
four categories: significant/insignificant increase or significant/insignificant decrease. Methods of calculation can be found in [36].

Fig. 5. Annual and seasonal NPP changes in the Qinling Mountains from 1982 to 2015.
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Fig. 6. Spatial distribution of NPP change trends and rates at annual (a, b), spring (c, d), summer (e, f), autumn (g, h) and winter (i, j) 
scales in the Qinling Mountains from 1982 to 2015. Note: Based on the threshold value (For n = 34 samples and an α = 0.05, the threshold value was 4.15), 
and change rate (the threshold value was 0), the change trend was classified into four: significant decrease, decrease, increase and significant increase.
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-2.18 gC/(m2·a) and 3.22 gC/(m2·a). In the areas 
with increasing trends, NPP increased fastest in the 
southeast, while it decreased the most rapidly at the 
boundary between Hanzhong Basin, Qinling North, and 
the Guanzhong Plain (Fig. 6d, Table 1).

The summer NPP mainly showed an increasing 
trend, accounting for 50.73% of the total area. The 
significantly increasing areas were mainly distributed in 
the southeast and accounted for 18.78% of the total of 
the study area. The decreasing areas were concentrated 
in the northwest region and accounted for 49.27%, of 
which 14.41% was significant (Fig. 6e, Table 1). The 
rate of change of NPP was between -3.59 gC/(m2·a) 
and 5.72 gC/(m2·a). Within the increasing trend’s range, 
the highest rate of change was concentrated in the 
southeast (around the Ankang Basin), while the highest 
decreasing rate of change was concentrated in a large 
area between Hanzhong and Baoji in the northwest 
(Fig. 6f, Table 1).

The autumn NPP mainly increased, accounting for 
53.46% of the total area, of which 5.65% significantly 
increased in the eastern part of the study area. The 
decreasing trend accounted for 46.54%, of which 
7.00% was significant, concentrated in the western part 
of the study area (Fig. 6g, Table 1). The NPP rate of 
change was between -1.98 gC/(m2·a) and 1.59 gC/(m2·a). 
The increasing trends and the highest rate of change 
were mainly distributed in the eastern region, while the 
lower values were concentrated in the west (Fig. 6h, 
Table 1).

In winter, the NPP trend mainly decreased, 
accounting for 67.10% of the total area, of which 
22.87% was significant, concentrated in the central and 
western regions. The increasing trend accounted for 
32.90% of the area, of which 0.77 % was significant 
and lacked an obvious distribution (Fig. 6i, Table 1). 
The rate of change of NPP was between -0.39 gC/(m2·a) 
and 0.14 gC/(m2·a), with the highest rates of increase 
concentrated in the eastern regions showing a scattered 
distribution, while the highest rates of decrease were 
concentrated in the central area, especially the Taibai 
Mountains and south to the Hanjiang Valley (Fig. 6j, 
Table 1).

Response of Annual NPP to Climatic Factors

Response of Annual NPP to Climatic Factors

From 1982 to 2015, NPP was negatively correlated 
with annual average temperature, accounting for 60.84% 
of the total area, of which 9.43% was significant, mainly 
distributed in the southwest region. Positively correlated 
areas accounted for 39.16%, of which the significant 
area was concentrated in the southeast and accounted 
for 3.45% (Fig. 7a, Table 2). The annual NPP and annual 
precipitation were positively correlated, accounting for 
70.24%, of which 31.23% was significant, distributed 
in the east with a northeast-southwest distribution. 
The negatively correlated area was 29.76%, mainly 

distributed in the west, of which 2.97% was significant 
(Fig. 7b, Table 2).

Response of Seasonal NPP to Climatic Factors

The spring NPP was positively correlated with the 
average spring temperature, accounting for 90.68% 
of the total area, of which 10.83% was significant. 
The negatively correlated area was only 9.32%, 
mainly distributed in the northern part of the study 
area, showing an east-west band distribution near the 
Hanzhong Basin in the southwest (Fig. 7c, Table 2). 
The spring NPP was positively correlated with spring 
precipitation, accounting for 82.60% of the total area, 
of which 21.25% was significant, concentrated in the 
northeastern part of the study area. Negatively correlated 
areas accounted for 17.39%, distributed in the central 
and western regions with a south-north distribution 
(Fig. 7d, Table 2). The summer NPP was positively 
correlated with the summer average temperature, 
accounting for 79.49% of the total area, of which 
1.32% was significant, while the negatively correlated 
area accounted for 20.51%, which was concentrated in 
the northeastern part of the study area. There was no 
significant negative correlation distribution (Fig. 7e, 
Table 2). The summer NPP was negatively correlated 
with summer precipitation, accounting for 59.96% 
of the total area, of which 5.87% was significant and 
concentrated in the west and scattered in the northern 
and southwestern margins of the region. The positively 
correlated areas accounted for 40.03%, of which 2.31% 
was significant, scattered in the southeast (Fig. 7f,  
Table 2).

The autumn NPP was positively correlated with 
the average temperature in autumn, accounting 
for 69.80% of the total area, of which 10.24% was 
significant, mainly distributed in the eastern region. 
The negatively correlated area was 30.21%, with only 
0.15% significant concentrated in the western part 
(Fig. 7g, Table 2). The autumn NPP was positively 
correlated with autumn precipitation, accounting for 
52.36% of the area, of which 1.28% was significant, 
while the negative correlation accounted for 47.63%, 
distributed in the middle and west of the study area, 
with only 0.44% significant area (Fig. 7h, Table 2). 
The winter NPP was negatively correlated with the 
winter average temperature, accounting for 63.01% 
of the total area, mainly distributed in the central and 
western parts of the study area, of which 6.79% was 
significant. The positively correlated areas accounted 
for 36.99%, distributed at the eastern edge with a north-
south distribution and only 0.70% significance (Fig. 7i, 
Table 2). The winter NPP was positively correlated with 
winter precipitation, accounting for 54.98% of the total 
area, mainly distributed in the central and northern 
parts of the study area and only 0.70% significance. The 
negative correlation accounted for 45.03% of the area, 
distributed in the southeast and southwest of the study 
area (Fig. 7j, Table 2).
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Fig. 7. Spatial distribution of the correlation between NPP and temperature or precipitation at annual (a, b), spring (c, d), summer (e, f), 
autumn (g, h) and winter (i, j) scales in the Qinling Mountains from 1982 to 2015. Note: Based on the threshold value of correlation coefficient 
(For n = 34 samples and an α = 0.05, the threshold value was 0.3494.), the correlation coefficient was divided into significant (sig.) negative correlation (r<-0.3494), 
negative correlation (-0.3494<r<0), positive correlation (0<r<0.3494), and significant (sig.) positive correlation (r>0.3494).
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Discussion

In this study, NPP was calculated using both remote 
sensing data and meteorological data. The linear trend 
and correlation coefficient methods were used to analyze 
the annual and seasonal NPP change trends and their 
relationship with climatic factors. More consideration of 
the findings of this study are needed in the following 
aspects: 

(1) Jiang et al. indicated that the NPP estimated 
by the comprehensive model was also lower than the 
measured NPP value [37]. Yuan et al. and Zhang et al. 
calculated the annual average NPP with CASA model 
in the Qinling Mountains based on 1km resolution 
SPOT NDVI data from 1999-2009 and MODIS NDVI 
data from 2000 to 2013, respectively [38]. The annual 
average NPP values they found were 543.34 gC/m2 
and 833.87 gC/m2, respectively, with the former closer 
to the MOD17A3 NPP value, while the latter value 
was significantly higher. Although the CASA model 
was used in this paper and in both studies previously 
discussed, the parameter acquisition methods used in 
each implementation of the CASA model were very 
different, which manifested in the acquisition of solar 
radiation, potential evapotranspiration and actual 
evapotranspiration, and the absorption components of 
the photosynthetically active radiation of the vegetation. 
The data used for comparison with the calculated 
NPP results were MOD17A3 NPP data, which were 
also simulated by a model. If the measured NPP data 
could be obtained from different regions, altitudes, and 
vegetation types, the results would be more applicable 
for solving practical management problems. Through 
the comparison of applied NPP models in the Qinling 
Mountains, the CASA model was found to have more 
advantages than the Comprehensive model.

 (2) The climate and vegetation in the Qinling 
Mountains have obvious vertical zonal characteristics. 
The warming climate has influenced spatial 
heterogeneity in the observed changes in vegetation in 
the region [39]. From 1982 to 2015, the vegetation NPP 
in the Qinling Mountains showed an increasing trend 
over a large spatial area at the inter-annual and spring 
seasonal scales and a significant positive correlation 
with precipitation. The area ratios of other significant 
correlations were relatively low. These results were 
quite different from a previous NDVI analysis of 
vegetation changes in the Qinling Mountains [40], 
which showed that NPP was less sensitive to climate 
change than NDVI. It should also be noted that the 
reduced NPP area in the Qinling Mountains was mainly 
concentrated in areas with intense human activities, 
such as the Shangluo, Ankang, and Hanzhong Basins. 
Human activity was the main reason for decreasing 
NPP in the Qinling Mountains [41]. The increase in 
NPP caused by climate change, especially the warming 
and humidification, was not obvious and reflected the 
complexity and spatial heterogeneity of the mountainous 
climate and vegetation systems.

(3) Only two climatic factors were selected 
for analysis in the paper, while extreme climatic 
factors such as the palmer drought severity index 
(PDSI), standardized precipitation index (SPI), and 
standardized precipitation evapotranspiration index 
(SPEI), were not selected. This research lacked analysis 
on the relationship between extreme climatic events 
(extreme drought or humidity) and NPP in the Qinling 
Mountains. Studies have previously shown that the 
impact of extreme climate events on NPP was relatively 
large [11, 16, 19]. Therefore, the effects of extreme 
drought and extreme humidity on the vegetation in the 
Qinling Mountains deserve further research.

climate factors Item Inter-annual Spring Summer Autumn Winter

Annual average air 
temperature

Sig. positive correlation (%) 3.45 10.83 1.32 10.24 0.70

Positive correlation (%) 35.71 79.85 78.17 59.56 36.29

Negative correlation (%) 51.41 9.25 20.51 30.06 56.22

Sig. negative correlation (%) 9.43 0.07 0.00 0.15 6.79

Annual precipitation

Sig. positive correlation (%) 31.23 21.25 2.31 1.28 0.70

Positive correlation (%) 39.01 61.35 37.72 51.08 54.28

Negative correlation (%) 26.79 17.06 54.09 47.19 45.03

Sig. negative correlation (%) 2.97 0.33 5.87 0.44 0.00

Taking the correlation coefficient of zero as the boundary, the correlation between NPP and annual average air temperature and  
precipitation was divided into positive correlation and negative correlation. Then, according to the threshold value (For n = 34 
samples and an α = 0.05, the threshold value was 0.3494.) of the correlation coefficient, the positive and negative correlations were 
divided into four categories: significant/insignificant correlation or significant/insignificant correlation. Methods of calculation can 
be found in [36].

Table 2. Correlation statistics between NPP and the annual average air temperature and annual precipitation.
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Conclusions

We estimated NPP in the Qinling Mountains from 
1982 to 2015 using GIMMS NDVI data, meteorological 
data, DEM data, vegetation type, and the Comprehensive 
and CASA models. Moreover, the NPP calculated by 
the CASA model was used to analyze the spatial and 
temporal changes in NPP and their relationship with air 
temperature and precipitation. Results showed that the 
CASA model had obvious advantages over a traditional 
climate statistical model such as the Comprehensive 
model in simulating NPP values. When vegetation 
was not considered, simulated NPP calculated using 
the CASA model and GIMMS NDVI were the most 
accurate. From 1982 to 2015, the spatial and temporal 
changes in vegetation NPP generally showed an 
increasing trend with obvious spatial heterogeneity. 
The NPP area that showed a significant increasing 
trend at inter-annual and spring seasonal scales was 
higher than that showing a significant downward trend 
in winter. As the region warmed and humidified during 
1982 to 2015, the effect of increased precipitation on 
vegetation NPP was higher than that of the increased 
air temperature. The increased NPP area at inter-
annual and spring seasonal scales caused by increased 
precipitation was higher than that caused by an increase 
in air temperature in spring and autumn. Under the 
background of a warmer and more humid climate 
in the Qinling Mountains, the relationship between  
NPP change and climate change was not obvious,  
which may reflect the complexity and spatial 
heterogeneity of a mountainous climate and vegetation 
system.
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