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Abstract: Regional ecosystems have been greatly affected by the rapid expansion of urban areas.
In order to explore the impact of land use change on net primary productivity (NPP) in rapidly
developing cities during the current urbanization process, we quantified land use change in Liaoning
province between 2000 and 2010 using net primary productivity as an indicator of ecosystem
productivity and health. The Carnegie–Ames–Stanford Approach model was used to estimate NPP
by region and land use. We used a unit circle-based evaluation model to quantify local urbanization
effects on NPP around eight representative cities. The dominant land use types were farmland,
woodland and urban, with urban rapidly replacing farmland. Mean annual NPP and total NPP
decreased faster from 2005 to 2010 than from 2000 to 2005, reflecting increasing urbanization rates.
The eastern, primarily woodland part of Liaoning province had the greatest reduction in NPP, while
the western part, which was primarily farmland and grassland, had the lowest reduction.

Keywords: urbanization; land use change; net primary productivity; Carnegie–Ames–Stanford
approach productivity model

1. Introduction

Human activities have caused unsustainable changes on half of the earth’s land surface [1]. Land
use change can have a large impact on ecosystems, altering their composition and structure [2], as well
as their function, including matter and energy cycles [3–5]. In some areas, land that was once fertile and
productive—forests, grasslands and farmland—is now predominantly urban [6,7]. The environmental
problems caused by urbanization are gaining increasing attention [8–10], but are still poorly quantified.

Urbanization can directly lead to land use/cover change, loss of farmland and woodland resulting
in vegetation loss. Urbanization is characterized by a loss of vegetation, which can be quantified using
net primary productivity (NPP). NPP refers to the net accumulation of photosynthetic carbon by plants
as a balance between gross primary productivity and ecosystem respiration. Thus, changes in NPP
reflect the ecosystem carbon balance [11–15], and its response to global climate change and human
activities [16–18].

Previous studies of the responses of NPP to land use change have focused mainly on the
large-scale impacts of urbanization on NPP [19–26]. In a global assessment, urban expansion
and associated land cover change drives habitat loss and results in the loss of terrestrial carbon
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stored in vegetation biomass, as confirmed by Imhoff [20]. Seto et al. [24] found that the increasing
progress of urbanization and its associated land-cover change lead to species habitat fragmentation
and biodiversity loss. Imhoff et al. [19] quantified the spatial distribution of urban areas across
the United States using nighttime images from the Operational Linescan System as part of the
Defense Meteorological Satellite Program (DMSP/OLS). The effects of urbanization on NPP were then
estimated using normalized difference vegetation index (NDVI) data and the Carnegie–Ames–Stanford
Approach (CASA) productivity model. For the southeastern United States, Milesi et al. [21] used
moderate-resolution imaging spectroradiometer (MODIS) data, a land cover map, and nighttime light
data (also derived from the DMSP/OLS) to estimate the extent of urbanization and its impact on NPP.
At a smaller scale, Yu et al. [27] estimated the effects of urbanization on NPP in Shenzhen, China,
consistent with the findings of Pei et al. [28] throughout China. In addition, Wu et al. [17] applied
DMSP/OLS nighttime light imagery data to assess the relative contributions of climate change and
urbanization to changes in NPP in the Yangtze River Delta, China, over the last decade. The majority of
previous research has focused on the NPP of different land use types with little analysis of the impacts
of land use conversion on NPP loss in the urbanization process. A number of papers have come out
recently focused on quantitative assessment and influencing factors of the Human Appropriation of
Net Primary Production (HANPP) [29–32].

Liaoning province is ideal for the study of LUCC impacts on NPP because it has experienced
rapid economic growth and urbanization, resulting in significant land use change. However, little
research has been conducted on the effect of different land use conversion scenarios on NPP in this
area. In this study, we focused on the change in actually prevailing NPP in ecosystems over time due to
land use change and climate variables in Liaoning province in 2000, 2005 and 2010 to determine trends
in their relationship. In particular, we undertook a quantitative analysis in pixel scale throughout the
overall balance of climate variation and land use change in causing the NPP change which little prior
research investigated. This information can inform low-carbon and sustainable urban development
strategies in Liaoning province.

2. Materials and Methods

2.1. Study Area

Liaoning province is approximately 148,000 km2 and located in northeastern China (Figure 1).
Most of the region has a continental monsoon climate, with high rainfall and temperature occurring
together seasonally, and abundant sunshine throughout the year. The terrain generally slopes
downward from north to south, with the vast Liaohe River Plain in the center (Figure 1). In recent years,
this region has experienced high economic growth and rapid industrial development accompanied
by accelerated urbanization under the guidance of local government and policies with a view to
“revitalize the northeast old industrial base”. By the end of 2013, urbanization rates of 65% in Liaoning
province are among the highest in China. This means that the proportion of urban population in
Liaoning province to the total population is 65%.

2.2. Data Collection

Meteorological data from 27 measurement stations in Liaoning province for 2000–2010 were
provided by the Chinese National Metrological Information Center and included mean monthly
temperature, hours of sunshine, monthly solar radiation and evapotranspiration.

Land use maps for 2000, 2005 and 2010 at 1:100,000 scale were provided by the Data Center
for Resources and Environment Sciences, Chinese Academy of Sciences. A series of Landsat images
taken of Liaoning province during August 2000, August 2005 and August 2010 were used for visual
confirmation because of differences in the spatial scale of national and provincial data. Land use types
were classified according to the National Land Classification reference level one classification criteria.
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Six main land use types were identified: Woodland (WO); Grassland (GR); Wetlands (WE); Farmland
(FR); Urban Area (UA); and Bare Land (BA) (Figure 2).

We derived NDVI for 2000, 2005 and 2010 at 250-m resolution from MODIS 16-Day Tiled products
(MOD13Q1), which were obtained from NASA’s website (https://ladsweb.nascom.nasa.gov/data/).Sustainability 2017, 9, 162  3 of 17 
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2.3. Characterization of Land Use/Cover Change (LUCC)

Land use and cover change was measured by overlaying land use maps for the different time
periods in ArcGIS (ESRI, Redlands, CA, USA). Changes in land use were quantified using transition
matrices [33–35]. The transition matrices were calculated using pairs of land use maps from 2000 and
2005, 2005 and 2010, and 2000 and 2010. The converted area was calculated in matrices of each land
cover type compared with other land use types.

2.4. Simulation of Net Primary Productivity (NPP) Using the Carnegie–Ames–Stanford (CASA) Model

The CASA model was developed to estimate NPP based on light use efficiency [36,37]. In it
(Figure 3), NPP is calculated as the product of the amount of photosynthetic active radiation absorbed
by green vegetation (APAR) and the light use efficiency (ε): NPP = APAR(t)× ε(t). The value for
APAR was calculated from the incident photosynthetic active radiation (PAR) and fraction of incident
light absorbed by the vegetation layer (fPAR) as APAR = f PAR × PAR.

Values for PAR were calculated from global solar radiation and sunshine hours, which were
adjusted based on longitude and latitude at a pixel scale. Values for fPAR were calculated using
MODIS-derived NDVI:

f PAR =
(SR− SRmin)× ( f PARmax − f PARmin)

SRmax − SRmin
+ f PARmin (1)

SR =
NIR
RED

=
1 + NDVI
1− NDVI

(2)

where fPARmin = 0.001, fPARmax = 0.95 (fPARmin and fPARmax are independent of vegetation type [36]),
SRmax is the solar radiation (SR) value corresponding to 98% of NDVI values, SRmin is the SR value
corresponding to 5% of NDVI values, and NIR and RED are the near-infrared band and red band
reflectance, respectively.

Light efficiency was calculated as: ε(t) = ε∗ × T1(t)× T2(t)×W(t), where ε* is the maximum
energy conversion rate under ideal conditions, T1(t) and T2(t) [37] account for temperature stress, and
W(t) accounts for moisture stress. Though the global ε* has been estimated at 0.389 g/MJ (calculated
as carbon) by Potter et al. [36] and Field et al. [37], this value was not appropriate for vegetation
in China. Because many domestic researches have demonstrated this parameter is not appropriate
for the vegetation growth status in China [28,38,39]. In addition, Raymond considered the upper
limit of ε* as 3.5 gC/MJ [40], and other studies indicated that the ε* of different vegetation types
was 0.09–2.16 gC/MJ [40–44]. Therefore, these studies indicated that the values of ε* for different
vegetation type and the same vegetation in different environmental conditions are not consistent.
In this study, we directly applied the parameters used in the domestic researches [28,45]. Temperature
factors were calculated based on the monthly mean temperature Tmon (◦C) and the temperature when
NDVI reaches its maximum in the whole year Topt (◦C) as:

T1 = 0.8 + 0.02Topt − 0.0005
(
Topt − 20

)2 (3)

T2 =
1.1814

1 + exp
{

0.2
(
Topt − 10− Tmon

)} × 1
1 + exp

{
0.3
(
−Topt − 10 + Tmon

)} (4)

The moisture stress factor W(t) was calculated from monthly-averaged evapotranspiration data:

W(t) =
EET(t)
PET(t)

(5)

where EET is the estimated evapotranspiration (mm), which was derived from the soil moisture
sub-model in CASA, and PET is the potential evapotranspiration (mm), which was calculated using
the Thornthwaite method [46].



Sustainability 2017, 9, 162 5 of 17
Sustainability 2017, 9, 162  5 of 17 

  

Figure 3. Flowchart of the spatial analysis and modeling methods. 

2.5. Analysis of the Impacts of Urbanization on NPP 

We used a correlation analysis of the CASA model outputs to explore the relationship between 
changes in NPP and LUCC. A unit circle-based evaluation model [47] was used for comparing the scale 
of urbanization, the changes in NPP and the rate of urbanization in eight representative urban cities. We 
drew a 20-kilometer radius circle around each city which contains the central city area for each city then 
compared the spatial patterns of land use and the NPP calculated for the circle in 2000, 2005, and 2010. In 
order to quantify the climate-driven variability or urbanization in NPP, we performed correlation 
analyses between NPP and climate or urbanization variables at pixel scale. The Pearson’s coefficient (r) 
was calculated to show the strength of the NPP and climate relations. Then, a T-test was applied to 
evaluate whether significant or not and the p value < 0.01 was considered significant. The correlation of 
two variables (X,Y) was calculated as: 

Figure 3. Flowchart of the spatial analysis and modeling methods.

2.5. Analysis of the Impacts of Urbanization on NPP

We used a correlation analysis of the CASA model outputs to explore the relationship between
changes in NPP and LUCC. A unit circle-based evaluation model [47] was used for comparing the scale
of urbanization, the changes in NPP and the rate of urbanization in eight representative urban cities.
We drew a 20-kilometer radius circle around each city which contains the central city area for each
city then compared the spatial patterns of land use and the NPP calculated for the circle in 2000, 2005,
and 2010. In order to quantify the climate-driven variability or urbanization in NPP, we performed
correlation analyses between NPP and climate or urbanization variables at pixel scale. The Pearson’s
coefficient (r) was calculated to show the strength of the NPP and climate relations. Then, a T-test
was applied to evaluate whether significant or not and the p value < 0.01 was considered significant.
The correlation of two variables (X,Y) was calculated as:
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r =
∑
(
Xi − X

)(
Yi −Y

)√
∑
(
Xi − X

)2 ×∑
(
Yi −Y

)2
(6)

where i indicates number in pixels, ranging from 1 to N. X and Y are the averages of X and Y.

3. Results

3.1. LUCC in Liaoning Province

Information on land use changes in Liaoning province from 2000 to 2010 was obtained through
superimposed statistics using three land use maps from different periods. As shown in Figure 2,
farmland, woodland and urban areas were the three main land use types in the research area, with
farmland and urban areas having the most significant changes because the area of farmland was
reduced and had mainly been transformed to urban areas. The change from farmland to woodland
occurred as a result of China’s “Grain for Green” project that involved returning marginal farmlands
to forests as part of a policy designed to improve environmental conditions. Total woodland, grassland
and bare land areas have seen little change; however, wetland areas have declined as they are converted
to farmland and urban areas.

From 2000 to 2005, the total transitional land area in Liaoning province was 2721 km2, 1.86% of
the total area (Table 1). Changes in farmland were greatest, with 742 km2 being converted to urban,
accounting for 49% of farmland change. The total transitional land area from 2005 to 2010 was smaller
than 2000–2005 at 1817 km2, 1.24% of the total area (Table 1). As before, farmland conversion to
urban was the greatest change, with 1002 km2 (76% of the changes in farmland) changed to urban.
The greatest transition in land use occurred from 2000 to 2010 when 4465 km2 (3% of the total area)
were changed. Farmland changed the most with 1726 km2 (62% of the farmland changes) converted to
urban areas.

Most of the urbanization occurred in the central part of Liaoning province, where economic
development drove large demand for urban expansion (Figure 4). Urban expansion was more rapid
in 2005–2010.

Based on the CASA model, the highest NPP was in the eastern half of Liaoning province where
woodlands were dominant, while NPP was lower in the west where more of the area was farmland
and grassland (Figure 5). Average NPP was 342.46 g C/m2 in 2000, which decreased to 333.36 g C/m2

in 2005 then to 317.40 g C/m2 in 2010.
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Table 1. Land use transition metric in Liaoning province (km2).

Year Land Use Type Woodland Grassland Wetland Farmland Urban Area Bare Land Total Change

2000–2005

Woodland 61,139.47 44.84 16.14 572.02 68.17 2.59 703.76
Grassland 51.47 1754.25 1.58 30.55 2.82 0.32 86.74
Wetland 22.52 1.16 4814.38 94.80 43.23 5.76 167.47

Farmland 585.68 43.69 123.21 66,907.37 741.99 12.63 1507.20
Urban area 40.34 2.59 10.48 186.67 8613.02 0.90 240.98
Bare land 1.98 0.29 4.42 6.21 1.65 241.89 14.55

2720.70

2005–2010

Woodland 61,688.91 7.36 9.97 116.09 19.47 4.19 157.08
Grassland 10.49 1830.74 0.25 5.00 0.58 0.07 16.39
Wetland 4.33 2.61 4810.91 71.01 129.80 41.29 249.04

Farmland 113.36 44.24 109.88 66,475.89 1002.48 55.84 1325.80
Urban area 7.94 1.64 10.65 33.71 9425.32 2.84 56.78
Bare land 0.43 3.03 2.61 1.97 3.97 265.28 12.01

1817.10

2000–2010

Woodland 60,991.43 52.04 25.42 675.52 92.07 6.85 851.90
Grassland 61.50 1738.83 1.79 34.73 3.64 0.48 102.14
Wetland 26.20 3.73 4576.38 159.70 171.55 45.28 406.46

Farmland 692.04 87.28 225.97 65,616.09 1726.19 67.08 2798.56
Urban area 47.54 4.13 20.28 206.52 8572.40 3.67 282.14
Bare land 2.37 3.28 5.57 7.01 5.08 233.47 23.31

4464.51
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3.2. Impact of Climate on NPP Change

To investigate the climate-driven effect on changes in NPP at the urban area, we performed a
simple correlation analysis between annual NPP series and climate conditions. We calculated mean
annual air temperature and annual cumulative precipitation during 2000 to 2010 in Liaoning province
(Figure 6). The temporal variation showed that mean annual temperature of the province was stable
at around 8 ◦C, the annual cumulative precipitation illustrates a fluctuating increase during the
study period.

Figure 7 showed the spatial distributions of the correlation coefficients between annual NPP and
climate variables over Liaoning province from 2000 to 2010. The higher r values between annual NPP
and annual cumulative precipitation are generally located in west parts of Liaoning where the climate
is relatively dry (Figure 7a). In the eastern part of Liaoning province, the precipitation and NPP are
negatively correlated, suggesting that an increase in precipitation would result in a decrease in NPP.
In addition, variations in temperature secondarily control the variability in NPP in the eastern and
southwestern parts of Liaoning which was not as significant as precipitation (Figure 7b).

The correlation coefficient of the critical value of 0.74 and 0.6 indicate 0.01 and 0.05 significance
level according to the T test. We calculated the pixel numbers in central urban area combined with
the 20 km radius circle around each city when the correlation coefficient had a significant correlation
with NPP (|r| > 0.74, p < 0.01). As shown in Table 2, the percentage of pixel numbers is less than 3%
in in all cities where the precipitation showed significant correlation with NPP (p < 0.01), with the
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exception of Dalian city. The percentage of pixel numbers is less than 2% in in all cities where the
temperature showed significant correlation with NPP (p < 0.01). All indications suggest that the impact
of climate variables on NPP in the central urban area was not significant. Thus, we can conclude that
urbanization is the primary cause of NPP change in the central urban areas.
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Table 2. Summary of statistics of the percentages of pixels showing significant correlation between
NPP and climate variables. r(Pre)* precipitation shows significant (p < 0.01) correlation with NPP
(|r| > 0.74), r(Tem)* temperature shows significant (p < 0.01) correlation with NPP. PN is pixel numbers.

City r(Pre)*
PN

r(Tem)*
PN

Total
PN

PCT-Pre
Ratio

PCT-Tem
Ratio

Shenyang 228 160 20,100 1.13 0.80
Fushun 20 18 20,100 0.10 0.09
Anshan 434 251 20,100 2.16 1.25
Yingkou 184 299 15,207 1.21 1.97

Fuxin 301 133 20,100 1.50 0.66
Panjin 28 37 20,100 0.14 0.18
Dalian 641 114 11,434 5.61 1.00

Liaoyang 259 245 20,100 1.29 1.22
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3.3. The Response of NPP to LUCC

3.3.1. Variations of NPP under Different Types of Land Use

In 2000, the highest mean NPP was in woodland at 418.2 g C/m2 and the lowest was bare land
at 226.05 g C/m2 (Table 3). In 2005, woodland still had the highest mean NPP, but wetlands had the
lowest values. In 2010, the mean NPP of woodland was still the highest, and bare land was the lowest.

The mean annual NPP for each of the six land use types declined from 2000 to 2010 except
for grassland (Table 3). The NPP of woodlands declined fastest at 41.8 g C/m2/y, while wetland
NPP decreased by 30.55 g C/m2/y and bare land NPP fell by 25.75 g C/m2/y. Overall, total mean
annual NPP decreased by 9.1 g C/m2/y from 2000–2005 and 15.96 g C/m2/y from 2005–2010. Thus,
the carbon sequestration capacity of Liaoning province has diminished.

The total annual NPP of each land use type showed a similar trend as the mean annual NPP
(Table 3). Woodlands had the highest total NPP, accumulating approximately 25 Tg C/y, while
farmland was the second highest with 20 Tg C/y. Bare land had the lowest total NPP of approximately
0.05 Tg C/y. The total NPP of all six land uses decreased by 1.5 Tg C between 2000 and 2005, and by
2.29 Tg C between 2005 and 2010.

Table 3. Mean annual NPP and total NPP of the land use types in 2000, 2005 and 2010.

Land Use Type Mean NPP (g C/m2/y) Total NPP (Tg C/y)

2000 2005 2010 2000 2005 2010
Woodland 418.20 407.10 376.40 25.86 25.18 23.28
Grassland 305.75 325.70 308.10 0.56 0.60 0.58
Wetland 241.95 218.00 211.40 1.21 1.10 1.10

Farmland 305.80 296.35 293.05 20.92 20.09 19.55
Urban area 252.45 244.25 227.75 2.23 2.32 2.42
Bare land 226.05 221.80 200.30 0.06 0.06 0.13
Total area 342.46 333.36 317.40 50.85 49.35 47.06

We explored the relationships between the annual mean NPP and total NPP of the different land
use types from 2000 to 2010 graphically based on Corrgram (Figure 8), where darker colors and greater
filled areas in the pie charts indicate stronger relationships. The circles are filled clockwise for positive
values, anti-clockwise for negative values which fill an area proportional to the absolute value of the
correlation [48]. We found significant positive relationships between the mean annual NPP of the land
use types, except for grassland (Figure 8, left). For total annual NPP, urban area and farmland, urban
area and woodland, and woodland and bare land had strong negative relationships. These changes in
NPP were driven by LUCC and climate change. The total transitional land area from 2000 to 2010 was
4464 km2, 3.05% of the total area (Table 1). Thus, the change in NPP affected by LUCC was smaller
than the climate factors in the whole province. However, urbanization was the primary influential
factor for causing the NPP change in the area of land use change. In this study, we use the total NPP as
the indicator of carbon sequestration capacity in Liaoning province which considered each land use
type as a whole and multiplied the mean NPP of each land use type by the area of the land use types.
Thus, we easily found that the correlation coefficient between total NPP and land use types to be in
keeping with the change in land use. For instance, the strongest negative relationship between total
NPP in woodland and total NPP in urban area means that the NPP loss was highest when woodland
was converted to the urban area as was often the case in other land use conversions.
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3.3.2. Variations in NPP Due to Urbanization

The unit circle-based evaluation model revealed that the urban area of each circle increased
significantly from 2000 to 2010, with a correlating increase in areas of low NPP (Figure 9). The unit
circles around Shenyang (city I) and Dalian (city VIII) had a large proportion of urban area.
Urbanization radiated outward from the center of the circles and, as urban areas replaced farmland,
NPP decreased.

NPP had the correlation with urban expansion in the city circles as was observed in the regional
analysis (Figure 9 and Table 4). Urban area increased and NPP decreased in all cities, with the
exception of Fuxin city where urban area increased and NPP increased. Fuxin city was located in
the northwestern arid area of Liaoning province (see Figure 1), where NPP was mainly affected by
the annual cumulative precipitation. Panjin and Yingkou had the greatest decreases in NPP, whereas
Shenyang had a smaller decrease in NPP despite the largest increase of urban area.

Table 4. Urban area and NPP change in eight cities from 2000 to 2010.

City Urban Area (km2) % NPP (g C/m2/y) %

2000 2010 4UA 2000 2010 4NPP

Shenyang 477.07 660.55 38.46 254.26 218.66 −14.00
Fushun 178.69 250.82 40.36 366.96 316.10 −13.86
Anshan 354.17 373.69 5.51 344.97 315.75 −8.47
Yingkou 201.87 289.28 43.30 257.77 180.80 −29.86

Fuxin 213.69 225.31 5.44 267.65 273.63 2.23
Panjin 228.08 257.71 12.99 360.95 276.38 −23.43
Dalian 362.30 390.55 7.80 228.71 197.60 −13.60

Liaoyang 293.68 347.18 18.22 333.45 303.81 −8.89

4UA is the proportion of urban area change,4NPP is the proportion of NPP change.
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4. Discussion

4.1. Validation of the NPP Calculations

Little field data of NPP are available for use in validating the CASA model outputs. We compared
our mean annual NPP values for the land use types with MOD17A3 NPP values and NPP values
from other domestic simulations (Table 5). In a linear regression between our CASA model results
and MOD17A3 data, the mean relative error was 15.71% and the correlation coefficient was 0.89,
indicating a strong agreement between the two (Figure 10). Our NPP values were slightly lower than
or approximately equal to MOD17A3 and some other simulation work [38,49,50], but higher than the
values in Cheng et al. [51] (Table 5). These differences may have been caused by the model, differences
in data sources and/or issues with the accuracy of land use type classification.

Table 5. Comparison of the mean annual NPP modeled in this paper with other research results
(g C/m2). “— —” indicates no data.

Land Use
Type

This
Study MOD17A3 Cheng et al.,

2014 [51]
Zhu et al.,
2007 [38]

Guo et al.,
2008 [49]

Zhao et al.,
2011 [50]

Woodland 400.57 393.17 344.32 367–985 370–470 538 ± 173
Grassland 313.18 332.01 256.86 226.20 312.45 310.45
Wetland 223.78 220.54 160.46 375.40 432.90 — —

Farmland 298.40 337.62 282.18 426.50 378.21 424.21
Urban area 241.48 252.57 211.38 347.10 — — — —
Bare land 216.05 210.96 170.22 80.90 — — — —
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4.2. Effect of "Grain to Green" Project on NPP Variation

The grain to green project aimed at protecting the ecological environment. It planned to step by
step stop farming of cultivated land which had serious soil and water loss desertification, salinization,
desertification, low or unstable food production and to afforestation, restore vegetation according to
local conditions. According to our results in Table 1, there was slight net loss in woodland area though
the Liaoning province launched the project from 2001. Farmland changed with 692.04 km2 converted
to woodland (25% of the farmland changes), and woodland changed with 675.52 km2 to farmland
and 92.07 km2 to urban area from 2000 to 2010. In addition, the NPP of woodlands declined fastest at
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41.8 g C/m2/y in Table 3, which indicated that the woodlands in Liaoning province were not well
protected. Thus, from a policy perspective, the grain to green project only works if current woodland
is well protected from development.

4.3. The Role of Climate Variation in Causing the NPP Change

The climate variables were the key inputs of the CASA model, and they usually affected NPP
change at a large scale [52–54]. In this study, we found that the climate conditions affected NPP both
on the provincial level and pixel scale. The mean annual temperature of the province did not change
obviously; the annual cumulative precipitation illustrates a fluctuating increase during the study period
in Figure 6. Our results in Figure 7 show that precipitation was the primary factor in NPP changes
and variations in temperature secondarily control the variability in NPP. The reason was that the pixel
numbers showing significant correlation (|r| > 0.74, p < 0.01) between precipitation and NPP were
higher than temperature and NPP. From the map, we found NPP of an arid area in western Liaoning
and a woodland area in eastern Liaoning tended to be more influenced by meteorological factors.
From Table 2, we can see that urbanization was the main reason of NPP change in central Liaoning
urban agglomeration. In this study, we had made quantitative analysis in pixel scale throughout the
overall balance of climate variation and land use change in causing the NPP change which little prior
research investigated.

4.4. Loss of NPP Caused by LUCC and Sustainable Development

With the development of human society, the transformation and utilization of nature have been
strengthened. Meanwhile, the land use and cover have changed greatly. The process of change is
accompanied by the loss of NPP. However, the spatial distribution of global climate and soil conditions
is basically stable—the potential net primary productivity of the world cannot be greatly enhanced in
the historical period of human activities. Once the loss of net primary productivity caused by land use
changes exceeds a certain limit, it will inevitably endanger global nature ecosystem maintenance and
regeneration. Therefore, controlling the loss of net primary productivity is the key link in dealing with
global change and sustainable development. Measures should be taken through policy management
and reasonable urban planning to improve the use efficiency of the developed land. To achieve the
goal of sustainable development, more attention should be paid to increasing the utilization efficiency
of the net primary productivity of the semi-natural ecosystems and artificial ecosystems by means of
engineering techniques. The loss of NPP caused by LUCC and human activities on the surrounding
vegetation should be reduced, and then the problem of depletion of biological resources and the
sustainable development problem can be solved in the process of urbanization.

5. Conclusions

Changes in net primary productivity (NPP) in Liaoning province between 2000, 2005 and 2010
were estimated using the Carnegie–Ames–Stanford (CASA) model and correlated with land use,
climate variables, particularly urbanization. We found that main conclusions can be summarized
as follows:

(1) Land use change was characterized by loss of farmland through urban expansion, and the rate of
urbanization increased from 2000–2005 to 2005–2010.

(2) Annual cumulative precipitation is found to be the dominant climatic factor that controls
variability in NPP throughout the Liaoning province.

(3) NPP of arid area in the western Liaoning and woodland area in eastern Liaoning tended to
be more influenced by meteorological factors. Land use change was the most important factor
driving changes in NPP in central Liaoning urban agglomeration, with lesser impacts from
changes in climate.
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(4) Consistent with land use change in the urbanization process, the NPP decreased form 2000–2010
in the central area of the eight representative cities.

Our analysis was limited by the spatial resolution of the data. Future work should aim to improve
data resolution and delve further into the mechanisms coupling land use and the carbon cycle. Our
analysis showed a significant decrease in carbon sequestration in Liaoning province, and work is
needed to identify management practices and development strategies to halt and reverse this trend.
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