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Abstract

Alpine grassland of the Tibetan Plateau is an important component of global soil organic carbon (SOC) stocks, but
insufficient field observations and large spatial heterogeneity leads to great uncertainty in their estimation. In the Three
Rivers Source Region (TRSR), alpine grasslands account for more than 75% of the total area. However, the regional carbon
(C) stock estimate and their uncertainty have seldom been tested. Here we quantified the regional SOC stock and its
uncertainty using 298 soil profiles surveyed from 35 sites across the TRSR during 2006-2008. We showed that the upper soil
(0-30 cm depth) in alpine grasslands of the TRSR stores 2.03 Pg C, with a 95% confidence interval ranging from 1.25 to 2.81
Pg C. Alpine meadow soils comprised 73% (i.e. 1.48 Pg C) of the regional SOC estimate, but had the greatest uncertainty at
51%. The statistical power to detect a deviation of 10% uncertainty in grassland C stock was less than 0.50. The required
sample size to detect this deviation at a power of 90% was about 6-7 times more than the number of sample sites surveyed.
Comparison of our observed SOC density with the corresponding values from the dataset of Yang et al. indicates that these
two datasets are comparable. The combined dataset did not reduce the uncertainty in the estimate of the regional
grassland soil C stock. This result could be mainly explained by the underrepresentation of sampling sites in large areas with
poor accessibility. Further research to improve the regional SOC stock estimate should optimize sampling strategy by
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considering the number of samples and their spatial distribution.
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Introduction

Soil stores more carbon (C) than the vegetation and atmosphere
pools combined, and minor changes in soil organic carbon (SOC)
stock could have momentous effects on atmospheric CO,
concentrations [1]. As the Earth’s third pole, the Tibetan Plateau
is mostly covered by typical alpine grasslands, which contain large
soil G stocks [2,3]. Alpine grasslands in the Tibetan Plateau could
feedback to accelerate the current warming trend by releasing
large amounts of this stored C to the atmosphere [4,5]. Therefore,
estimates of organic C stocks in alpine grasslands are crucial for
understanding the regional and global greenhouse gas balance [2].
Despite considerable research over the past 20 years, much
uncertainty exists regarding the SOC stock in the alpine
grasslands. For example, Yang et al. [2] used a satellite-based
approach and estimated that the SOC stock in the top 1 m in
alpine grasslands was 7.4 Pg C, with an average density of 6.5 kg
C m % Wang et al. [3], using the First National Soil Survey
dataset and field measurements surveyed in the eastern part of the
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Tibetan Plateau, estimated the SOC stock at 33.52 Pg for alpine
grasslands, with an average SOC density of 20.9 kg C m™ 2
Therefore, precise quantification of soil C stocks in alpine
grasslands of the region is needed to make credible conclusions
about the potential scale of feedback between the terrestrial C
cycle and climate.

Regional scale assessments of SOC have typically been
supported by data from soil inventories [3]. An important issue
with soil C stock inventories is spatial heterogeneity [6]. Increased
SOC variability causes decreased sampling representativeness and
increased sample size is needed to estimate the true SOC
distribution [7,8]. Previous studies also found that a large number
of sampling plots is useful to assess the spatial variation of G stocks
in a heterogeneous landscape and to reduce the uncertainty in the
final SOC estimates [9]. Yu et al. [10] examined spatial variability
of SOC in a red soil region of South China varying in land use and
soil type, using six sampling densities (14, 34, 68, 130, 255 and 525
points in 927 km?). They found that high sampling densities
gradually decreased the variation in SOC. Similarly, Muukkonen
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et al. [11] showed that the spatial variation in C stock in boreal
forest soil decreased with increasing number of samples, without
further increase in the precision of the estimate after 20-30
samples in a 6.25 m? area. Such results suggest incentives for soil
studies to increase the number of samples to reduce variability and
improve soil C stock estimates. Despite these small-scale efforts,
there is a lack of information on the effects of sampling effort on
SOC estimates at regional scale [10,12].

As the variability within a relatively homogeneous stratum is
lower than the variability within a broad heterogeneous landscape,
stratification of soil sampling can improve the SOC stock estimate
[13,14]. These results were the basis for conducting a stratified,
random sampling design in the present study. Because grassland
type is the most important variable driving the spatial pattern of
SOC [15], the Three Rivers Source Region (I'RSR) was stratified
by grassland type, and this strategy is expected to capture a large
part of SOC variation. In this study, we assessed alpine grassland
soil C stock and its uncertainty. Specifically, our study objectives
were (i) to quantify SOC density from alpine grasslands at three
depths (0-10, 0-20 and 0-30 cm), and (i) to investigate the
statistical power and sample size requirement to detect a deviation
of 10% uncertainty.

Materials and Methods

Ethics Statement

All necessary permits were obtained for the described regional
soil inventory from the Qinghai Province Environmental Protec-
tion Bureau, which is responsible for the Three Rivers’ Headwa-
ters National Nature Reserve. No specific permissions are required
by individuals since land in China belongs to the state. No
endangered or protected species have been disturbed in our field
sampling. The geographic information of sampling sites is
provided in Table S1.

Study Region

The TRSR is composed of the water source region of the
Yangtze River, Yellow River and Lancang (Mekong) River. The
TRSR covers 30.23x10* km?, which ranges in longitude from
89.75 to 102.38°E and in latitude from 31.65 to 36.20°N. Climate
variation in the region is represented by a mean annual
temperature range of —5.38 to 4.14°C, with mean annual
precipitation ranging 262.2 to 772.8 mm, and annual evaporation
from 730 to 1700 mm [16]. The elevation ranges from 3500 to
4800 m. Most of the region is dominated by alpine steppe and
alpine meadow, with some areas of sparse alpine shrub and alpine
marsh (Fig. 1). Alpine steppe is dominated by hardy perennial
xeric herbs such as Stipa purpure, Carex moorcrofii and Dalea racemosa.
Alpine meadow is dominated by Kobresia pygmaea, K. humilis and K.
tibetica. Alpine shrub is dominated by Salix oritrepha var. amnematch-
inensts (L..). Alpine marsh has formed in permanently waterlogged
areas or where the soil has been over-saturated, and supports
hardy perennial hydro-philous or hydro-mesophytic herbs such as
K. tibetica [17-18]. Soils in this region are shallow, with a depth of
about 30-50 cm [19].

Field Sampling and Laboratory Measurements

A total of 298 soil profiles from 35 sites were sampled from
August to September 2006 and 2008 (Fig. 1). Of the 35 sites, 9
were alpine steppe, 21 were alpine meadow, 2 alpine shrubland
and 3 alpine marsh (Table 1). At each site of alpine steppe and
meadow, eight soil profiles along a 200 m transect were collected.
For alpine shrub and marsh, 11 and 12 soil profiles were assigned
to each transect, respectively. Soil samples were collected from
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o Dataset of Yang et al. [2]
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Figure 1. Soil sampling locations from our survey and the
extracted dataset of Yang et al. [2].
doi:10.1371/journal.pone.0097140.g001

cach profile at every 10 cm to a depth of 30 cm. These soil
samples were then mixed to yield one composite sample for each
depth interval. All 105 composite samples (35 sites X 3 soil depths)
were later air-dried, sieved (2 mm), and analyzed for SOC
(measured with a Shimadzu 5000 SOC analyzer, Kyoto, Japan).
Bulk density was taken using intact cores of 100 cm® for each
depth in the soil profile. The fine earth (< 2 mm) and stone
content were weighed by oven-drying at 105°C for 48 h in the
laboratory. The bulk density of the fine soil was calculated after
correction for the mass of stone fragments. Then, bulk densities
within each site were averaged for each depth. SOC densities (kg
C m™?) were calculated in each depth interval as the product of
soil C concentration (%), bulk density (g cm ™) and fixed soil depth
(10 cm). SOC density for the 30 cm profile was calculated by
summing stocks for the individual 10 cm layers.

Comparison Dataset Collection

In order to identify the effect of sample size on estimates of soil
C stocks and their uncertainties on a regional scale, we began with
a search of the dataset previously collected by Yang et al. [2]. In
this dataset, soil samples were collected from 135 sites in July and
August 2001-2004. SOC densities at different depths (30, 50, and
100 cm) were determined at each site. Climate data were also
examined using spatial interpolation from the records of 43
meteorology stations across the Tibetan Plateau. Site-specific
information on location, soil texture and grassland type are
available in the dataset. From this dataset, we extracted records of
49 sites (23 in alpine meadow and 26 in alpine steppe) located in
the TRSR for subsequent analysis.

Data Analysis

One-way ANOVA was performed to compare the SOC density
values of alpine grasslands in the current study with the
corresponding dataset extracted from Yang et al. [2]. Geostatis-
tical methods were used to examine the spatial variation in SOC
across the study region. Experimental variograms were computed
and the appropriate mathematical function was fitted to the semi-
variogram. Maps of predicted SOC density were obtained for the
study region using ordinary kriging integrated with the parameters
of the appropriate variogram model. We then overlaid the 1:1000
000 vegetation map of the Tibetan Plateau (Chinese Academy of
Science 2001) on the SOC density prediction maps to determine
the SOC densities for each grassland type. Based on the statistics
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Table 1. The study area, distribution of sampling sites and soil organic carbon density by grassland type in the Three River Source

No. of sample

Grassland type Area (10*km?) Proportion (%) sites Soil organic carbon density (kg C m?)

0-10cm 10-20cm 20-30cm
Alpine meadow 20.18 67.9 21 2.93+0.83 2.44+0.61 2.02+0.53
Alpine steppe 7.52 253 9 1.71£0.51 1.57+0.38 1.48+0.35
Alpine shrubland 2.03 6.8 2 3.68+0.39 3.01+0.22 2.52+0.34
Alpine marsh = = 3 3.84+0.50 3.07+0.36 2.69+0.98
Total 29.73 100 35

doi:10.1371/journal.pone.0097140.t001

on SOC density, the regional SOC stock in a given depth interval
can be calculated by the following equations:

SOCS;=SOCD; x AREA; x 10712, (1)

SOCS;= Y SOCS;, )

where SOCS; is the SOC stock (Pg), SOCD; is the SOC density
(kg m ), and AREA,; is the area (m? for each grassland type .
SOCS; 1s the regional SOC stock in layer ¢ (0-10 cm, 0-20 cm
and 0-30 cm). Based on the statistics on SOC density estimated
using the formulas above, the average value and corresponding
standard deviation were estimated using a Monte Carlo approach
with 10 000 iterations. From these 10 000 runs, we obtained the
average value and the 2.5 and 97.5 percentiles as the final estimate
of the mean and of uncertainty (i.e., 95% confidence interval). A
percentage uncertainty was estimated based on half of the 95%
confidence interval divided by the average SOC stock estimate.
Furthermore, we tested whether the number of sampling sites in
the current study was sufficient to detect a 10% uncertainty of the
SOC stock estimate with power analysis. All power calculations
were based on a 0.05 probability of Type I error.

The data were analyzed using different software packages. The
descriptive statistical parameters and statistical analyses were
performed with SPSS 16.0 (SPSS Inc., USA). Spatial analyses
were performed using ArcGIS 9.3 (ESRI Inc., USA). Monte Carlo
simulation was calculated using RiskAMP software (http://www.
thumbstacks.com/) added in Microsoft Excel 2003 (Microsoft
Corporation, USA). Power analysis was conducted using the
PROC MIXED procedure of SAS (SAS Institute, 2001).

Results

Overall Patterns of SOC Density

The experimental variogram for SOC revealed an evident
spatial structure at the regional scale, with a nugget effect of about
15% (Table S2). This was reflected in the maps of the kriged
estimates. The predicted value of SOC density decreased from the
southeastern to the northwestern areas (Fig. S1). Spatial variation
in SOC values was also observed for soil profiles. Table 1
illustrates the results, showing clearly that more C was stored in the
top of the profile than at depth. Generally, alpine marsh soils had
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the largest SOC density at the three soil depths, followed by alpine
shrubland and alpine meadow, and then alpine steppe.

Regional SOC Stock and its Uncertainty

There were clear differences in total SOC stocks between
grassland types (Fig. 2). Alpine meadow soils had the largest SOC
stock, accounting for about 73% of the regional SOC stock for the
three soil depths because of its extensive area (Table 1). By
contrast, alpine marsh soils had the smallest areal extent, and
lowest C stocks. The SOC stocks for alpine steppe and alpine
shrubland soils were 0.36 and 0.19 Pg C, respectively. When the
grassland area is examined overall, the estimate of the total stock
for the TRSR is 2.03 Pg C. The 95% confidence interval around
this estimate is 1.25 to 2.81 Pg C. Alpine meadow soils contributed
most to the uncertainty in the regional C stock estimate (Fig. 2).

Power Analysis of SOC

Following Allen et al. [6], we used tolerable uncertainty of 10%
above and below the mean of SOC density. Fig. 3 shows the
statistical power to detect a deviation within 10% uncertainty for
our current study. The probabilities of detecting the tolerable
uncertainty were extremely low for all grassland types at three soil
depths. Alpine meadow had the largest sample size but had less
than 40% chance of detecting the tolerable uncertainty. The
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Figure 2. Mean SOC stocks with uncertainty estimates (95%
confidence intervals) for alpine grasslands in the Three Rivers
Source Region from our data, the dataset of Yang et al. [2], and
the pooled dataset.

doi:10.1371/journal.pone.0097140.9g002
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statistical power was much lower for the other three grassland
types. There were clear differences in the power values between
soil depths. The larger power values were observed in the
subsurface layers (10-20 and 20-30 cm) for alpine meadow and
alpine steppe, while the other grassland types had the lowest values
at 20-30 cm soil depth. Generally, the required number of sites to
detect a deviation of 10% uncertainty with a statistical power of
0.90 was much higher for alpine meadow and alpine steppe than
for the other grassland types. The power analyses showed that 90
sample sites are required to meet the tolerated uncertainty for
estimating mean soil G stocks for alpine meadow, while 30 sites
would be adequate for alpine shrubland at three soil depths. In
comparison, about 100 sites would be necessary for alpine steppe
at the surface 0-10 cm depth and 150 sites for alpine marsh at a
deeper depth (20-30 cm).

Discussion

Comparisons of SOC Density with Earlier Observations
Our current estimates (Table 1) were comparable to that
reported by Guo et al. [20] (alpine steppe = 3.88 kg C m™%; alpine
meadow=5.18 kg C m™? for 0-30 cm). To compare regional
datasets, data points geographically distributed in the TRSR were
extracted from the dataset of Yang et al. [2]. SOC densities
derived from our dataset and the extracted dataset were compared
for alpine steppe and alpine meadow. We found that there were no
significant differences (alpine steppe ¢ = 0.132, P = 0.895; alpine
meadow ¢ = —1.175, P = 0.246). We also compared the
differences in SOC density estimates after kriging of our data vs.
Yang et al. [2]. By contrast, local estimates were relatively
divergent (Fig. 4). Likewise, SOC values (both concentration and
recalculated density) were extracted from our prediction maps for
site-specific comparison with previous studies [21]. There were
large differences in SOC concentration and density at the small
scale level (Fig. 5). These results indicated that regional estimates
of SOC are very similar but local predictions based on kriging are
not. Part of this variation of SOC density could be explained by
varying methods used to determine soil bulk density. Because bulk

0.5
[—10-10cm

70 [ 10-20cm

0.4+ 76 I 20-30cm

Power

Alpine meadow  Alpine steppe Alpine shrubland Alpine swamp
Grassland type

Figure 3. Probability (power) of detecting a 10% uncertainty in
soil organic carbon density with a 0.05 level of significance for
grassland types at three soil depths. The numbers above each bar
represent the number of sampling sites needed to be taken at three
depths for each alpine grassland to detect the tolerated uncertainty
with 90% probability.

doi:10.1371/journal.pone.0097140.g003
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density was ignored in previous studies, we estimated the bulk
density using two pedotransfer functions for alpine grassland
developed by Yang et al. [22] and Zhong et al. [23]. As shown in
Fig. 5, there were relatively large differences in the SOC densities
calculated using different bulk estimates. Some studies have shown
that indirect bulk density estimates based on pedotransfer
functions can lead to errors from 9% up to 36% of the SOC
density [24,25]. The most potential explanation for this deviation
in SOC values may be attributed to the current sampling regime,
which is not intensive enough to reveal the spatially explicit
patterns of SOC in the study area. In spite of strongly spatial
autocorrelation at the regional scale, the experimental variogram
showed a relatively large nugget effect (15%), indicating that there
was considerable short range variability.

Sample Size Effect on Estimate Uncertainty

Despite a relatively large number of detailed surveys of
grassland soil C stocks undertaken to date on the Tibetan Plateau,
calculated errors remain relatively high, largely due to insufficient
sample size and great sample variance [2]. Our analysis showed
that the largest power value observed in any of the grassland types
or soil depths exceeded 50%, and more than six times as many
sites as those used in our survey were required to detect a 10%
uncertainty in regional SOC stocks (Fig. 3). Hence we expected
estimated uncertainty in SOC stock would decrease with
increasing sample size. However, the estimated uncertainty of
regional SOC stocks was not reduced when the two datasets were
pooled together (Fig. 2). This result is perhaps unsurprising given
that the spatial distribution of sampling sites across the study
region was different between the two datasets. Because of bad
weather and inaccessibility to vehicles, the previous survey by
Yang et al. 2] was mainly conducted along the major roads, while
more observations were distributed in the Lancang (Mekong) river
basin in our field survey (Fig. 1). Areas that were intensively
sampled captured local-scale spatial heterogeneity [26]. However,
a sparse sampling distribution increases the standard deviation of
the SOC density due to their large spatial coverage. Therefore,
increasing sample size only without considering spatial represen-
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Figure 4. Predicted SOC densities by kriging of our data
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doi:10.1371/journal.pone.0097140.g004
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[21].
doi:10.1371/journal.pone.0097140.9005

tativeness would not necessarily reduce the level of uncertainty and
improve statistical power.

Implication for Sampling Design

Given the large uncertainty in estimation of regional SOC
stocks, there is considerable interest in quantifying the magnitude
and designing an efficient sample scheme to reduce uncertainty
[26,27]. One way of improving the efficiency and precision of a
future survey is to tailor the sample size to the expected variability
in soil C stock [28]. An additional ca. 200 sample sites across the
TRSR would be required for accurate C stock estimate within
10% uncertainty, which would greatly increase costs and survey
effort. Previous soil C research has produced a wealth of
information that can be synthesized into a comprehensive and
quantitative dataset, which offers an alternative that is likely to
decrease sample size requirements for a subsequent inventory [7].
However, we found that almost all current studies concentrated
sampling in easily accessed areas along the main roads on the
Tibetan Plateau, while large areas that are poorly accessible due to
limited road networks or poor security were substantially
underrepresented [2,3,20,23]. Future sampling effort on the
Tibetan Plateau would be better directed to exploring these
underrepresented areas, such as the northern Tanggula Mountains
and the Hoh Xil region. However, a sound sampling design may
be impractical and prohibitively expensive. Therefore, future
inventories should incorporate the use of geoinformatics (GIS/
Remote Sensing) tools or extrapolative spatial models of regional
C stock estimates, as these have the potential to reduce costs
[2,29,30]. As the greatest uncertainty in the regional SOC
estimate originated from the variance in SOC values assigned to
alpine meadow (Fig. 2), a number of additional sample sites to
increase representation of alpine meadow soils would significantly
reduce the uncertainties in regional soil C stock estimates in the
TRSR.

PLOS ONE | www.plosone.org

Conclusions

This work presents, to the best of our knowledge, the first
regional estimate of SOC stock in the TRSR region. The SOC
stored in alpine grassland soils of the TRSR region at 0-30 cm
depth ranged from 1.25 to 2.81 Pg C at 95% confidence, with a
mean of 2.03 Pg C. We observed that the largest source of
uncertainty affecting regional SOC estimates derives from alpine
meadow soils. SOC: stocks varied with grassland type. Mean SOC
stocks were 0.36 and 0.19 Pg C in alpine steppe and alpine
shrubland, respectively. Approximately 73% (about 1.48 Pg C) of
the regional SOC storage occurred in alpine meadow, which
covers about 68% of the grassland area. Our result also indicated
that uncertainty in the SOC stock estimates did not reduce when
our dataset was pooled with the extracted dataset of Yang et al.
[2], even though this provided more than twice as many sample
sites as those in our survey. This most likely resulted from the
underrepresentation of soils sampled in large areas that are
relatively inaccessible in the northwest and southeastern part of the
TRSR. Therefore, improvement in regional SOC stock estimates
requires the addition of a number of sampling sites targeted to
these known gaps and to address the high variability of estimated
SOC stocks in alpine meadow soils.

Supporting Information

Figure S1 Spatial distribution of soil organic carbon
density (SOCD) values for soils at (a) 0-10 cm, (b) 0-
20 cm, and (c) 0-30 cm depth.

(TIF)

Table S1 Location of the sampling sites.
DOCX)

Table S2 Parameter estimation of the fitted variogram
of Gaussian models.

(DOCX)

May 2014 | Volume 9 | Issue 5 | 97140



Acknowledgments

We thank Chao Zengguo and Xu Guangping for supporting the field
campaign and Hu Yigang for his assistance during laboratory analysis. We
would also like to thank two anonymous reviewers for careful revision and
critical comments on a earlier version of the manuscript.

References

1.

Johnston CA, Groffman P, Breshears DD, Cardon ZG, Currie W, et al. (2004)

Carbon cycling in soil. Frontiers in Ecology and the Environment 2: 522-528.

. Yang YH, Fang JY, Tang YH, Ji CJ, Zheng CY, et al. (2008) Storage, patterns

and controls of soil organic carbon in the Tibetan grasslands. Global Change

Biology 14: 1592-1599.

. Wang GX, Qian J, Cheng GD, Lai YM (2002) Soil organic carbon pool of

grassland soils on the Qinghai-Tibetan Plateau and its global implication. The
Science of the Total Envionment 291: 207-217.

. Wang GX, Wang YB, Li YS, Cheng HY (2007) Influences of alpine ecosystem

responses to climatic change on soil properties on the Qinghai-Tibet Plateau,
China. Catena 70: 506-514.

. Wang GX, Li YS, Wang YB, Wu QB (2008) Effects of permafrost thawing on

vegetation and soil carbon pool losses on the Qinghai-Tibet Plateau, China.
Geoderma 143: 143-152.

. Allen DE, Pringle MJ, Page KL, Dalal RC (2010). A review of sampling designs

for the measurement of soil organic carbon in Australian grazing lands.
Rangeland Journal 32: 227-246.

. Conant RT, Paustian K (2002) Spatial variability of soil organic carbon in

grasslands: implications for detecting change at different scales. Environmental

Pollution 116: S127-S135.

. Kravchenko A, Robertson G (2011) Whole-profile soil carbon stocks: The

danger of assuming too much from analyses of too little. Soil Science Society of
America Journal 75: 235-240.

Sierra CA, Del Valle JI, Orrego SA, Moreno FH, Harrmon ME, et al. (2007)
Total carbon stocks in a tropical forest landscape of the Porce region, Colombia.
Forest Ecology and Management 243: 299-309.

. Yu DS, Zhang ZQ, Yang H, Shi XZ, Tan MZ, et al. (2011). Effect of soil

sampling density on detected spatial variability of soil organic carbon in a red soil
region of China. Pedosphere 21: 207-213.

. Muukkonen P, Hakkinen M, Makipia R (2009) Spatial variation in soil carbon

in the organic layer of managed boreal forest soil-implications for sampling
design. Environmental Monitoring and Assessment 158: 67-76.

. Zhang W, Weindorf DC, Zhu Y (2011) Soil Organic Carbon Variability in

Croplands: Implications for Sampling Design. Soil Science 176: 367-371.

. Pringle M, Allen D, Dalal R, Payne J, Mayer D, et al. (2011) Soil carbon stock in

the tropical rangelands of Australia: Effects of soil type and grazing pressure, and
determination of sampling requirement. Geoderma 167: 261-273.

. Zhang ZQ), Yu DS, Shi XZ, Weindorf DC, Wang XX, et al. (2010) Effect of

sampling classification patterns on SOC variability in the red soil region, China.
Soil and Tillage Research 110: 2-7.

Shi Y, Baumann F, Ma Y, Song C, Kiihn P, et al. (2012) Organic and inorganic
carbon in the topsoil of the Mongolian and Tibetan grasslands: pattern, control
and implications. Biogeosciences 9: 2287-2299.

PLOS ONE | www.plosone.org

Three-River Region Grassland Soil Carbon Stocks

Author Contributions

Conceived and designed the experiments: SW. Performed the experiments:
XC. Analyzed the data: SC XZ CL ZZ. Wrote the paper: XC SW AW.

18.
19.

20.

21.

22.

23.

26.

30.

. YiX, Li G, Yin Y (2012) Temperature variation and abrupt change analysis in

the Three-River Headwaters Region during 1961-2010. Journal of Geograph-
ical Sciences 22: 451-469.

. Zhou X, Wang Z, Du Q (eds) (1987) The vegelaion of Qinghai Province. Qinghai

People Press, Qinghai, China.

Zhou X (2001) Chinese Kobresia pygmaea meadow. Science Press, Beijing, China.
Zhao X, Cao G, Li Y (2009) Alpine meadow ecosystem and global change. Science
Press, Beijing, China.

Guo X, Han D, Zhang F, Li Y, Lin L, et al. (2011) The response of potential
carbon sequestration capacity to different land use patterns in alpine rangeland.
Acta Agrestia Sinica 19 (5): 740-745.

Liu Y, Li X, Li C, Sun H, Lu G, et al. (2009) Vegetation decline and reduction
of soil organic carbon stock in high-altitude meadow grasslands in the source
arca of three major reviers of China. Journal of Agro-Enviroment Science 28
(12): 2559-2567.

Yang YH, Fang JY, Smith P, Tang YH, Chen AP, et al. (2009) Changes in
topsoil carbon stock in the Tibetan grasslands between the 1980s and 2004.
Global Change Biology 15: 2723-2729.

Zhong C, Yang ZF, Xia XQ, Hou QY, Jiang W (2012) Estimation of soil
organic carbon storage ans analysis of soil carbon source/sink factors in Qinghai
province. Geoscience 26: 896-909.

. Boucneau G, Van Meirvenne M, Hofman G (1998) Comparing pedotransfer

functions to estimate soil bulk density in northern Belgium. Pedologie-Themata
5: 67-70.

. De Vos B, Van Meirvenne M, Quataert P, Deckers J, Muys B (2005) Predictive

quality of pedotransfer functions for estimating bulk density of forest soils. Soil
Science Society of America Journal 69: 500-510.

Yuan Z, Gazol A, Lin F, Ye J, Shi S, et al. (2013) Soil organic carbon in an old-
growth temperate forest: Spatial pattern, determinants and bias in its
quantification. Geoderma 195: 48-55.

Goidts E, van Wesemael B, Crucifix M (2009) Magnitude and sources of
uncertainties in soil organic carbon (SOC) stock assessments at various scales.
European Journal of Soil Science 60: 723-739.

. Vanguelova E, Nisbet T, Moffat A, Broadmeadow S, Sanders T, et al. (2013) A

new evaluation of carbon stocks in British forest soils. Soil Use and Management
29: 169-181.

. Akumu CE, McLaughlin JW (2013) Regional variation in peatland carbon stock

assessments, northern Ontario, Canada. Geoderma 209: 161-167.
Cambule A, Rossiter D, Stoorvogel J (2013) A methodology for digital soil
mapping in poorly-accessible arcas. Geoderma 192: 341-353.

May 2014 | Volume 9 | Issue 5 | 97140



