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Abstract: Matching soil grid unit resolutions with polygon unit map scales is important to minimize the uncertainty of regional soil
organic carbon (SOC) pool simulation due to their strong influences on the modeling. A series of soil grid units at varying cell sizes was
derived from soil polygon units at six map scales, namely, 1 © 50 000 (C5), 1 * 200 000 (D2), 1 : 500 000 (P5), 1 : 1 000 000 (N1), 1 :
4 000 000 (N4) and 1 : 14 000 000 (N14), in the Taihu Region of China. Both soil unit formats were used for regional SOC pool simu-
lation with a DeNitrification-DeComposition (DNDC) process-based model, which spans the time period from 1982 to 2000 at the six
map scales. Four indices, namely, soil type number (STN), area (AREA), average SOC density (ASOCD) and total SOC stocks (SOCS) of
surface paddy soils that were simulated by the DNDC, were distinguished from all these soil polygon and grid units. Subjecting to the
four index values (/V) from the parent polygon units, the variations in an index value (VIV, %) from the grid units were used to assess its
dataset accuracy and redundancy, which reflects the uncertainty in the simulation of SOC pools. Optimal soil grid unit resolutions were
generated and suggested for the DNDC simulation of regional SOC pools, matching their respective soil polygon unit map scales. With
these optimal raster resolutions, the soil grid units datasets can have the same accuracy as their parent polygon units datasets without any
redundancy, when VIV < 1% was assumed to be a criterion for all four indices. A quadratic curve regression model, namely, y =— 0.80 x
1072 + 0.0228x + 0.0211 (R*= 0.9994, P < 0.05), and a power function model R = 10.3945°%'53 (R = 0.9759, P < 0.05) were revealed,
which describe the relationship between the optimal soil grid unit resolution (y, km) and soil polygon unit map scale (1 : 10 000x), the ratio
(IAQ , %) of the optimal soil grid size to average polygon patch size (S, km?) and the S, with the highest R* among different mathematical
regressions, respectively. This knowledge may facilitate the grid partitioning of regions during the investigation and simulation of SOC pool
dynamics at a certain map scale, and be referenced to other landscape polygon patches’ mesh partition.
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1 Introduction bon pool (Schlesinger, 1997), with stocks approximately
four times greater than the biotic pool and approxi-
Soil organic carbon (SOC) is the largest terrestrial car-  mately three times greater than the atmospheric pool
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(Lal, 2004). Relatively modest changes in SOC storage
can significantly alter the atmospheric CO, concentra-
tion (Davidson and Janssens, 2006). Therefore, an ac-
curate SOC pool estimation has become an important
requirement to assess the global carbon balance and
climate change.

Agricultural soils are a highly sensitive part of the
global carbon cycle (Shi ef al., 2010; Wang et al., 2011),
carbon sequestration by agricultural soils presents an
immediately viable option to increase the soil carbon
pool, reducing atmospheric CO, and mitigating global
warming (Sun et al., 2010). Because the complexities of
human activities and tillage practices affect agricultural
soil (Wu et al., 2015), SOC dynamic changes are in-
creasingly simulated over broad space and time scales
by process-based models (Giltrap et al., 2010; Xu et al.,
2012), such as DeNitrification-DeComposition (DNDC)
(Li et al., 2003).

The DNDC model which was developed by Li et al.
(1992a; 1992b) can simulate C and N biogeochemical
cycles that occur in agricultural systems and are driven
by both the environmental factors (i.e., soil organic
matter, texture, pH, bulk density, hydraulic properties,
daily temperatures, precipitation) and management
practices (i.e., crops, tillage, fertilization, manure appli-
cation, grazing). This method has been validated inter-
nationally through long-term applications at the plot
scale, including many sites in North America, Europe,
Asia, etc. (Pathak et al., 2005; Li et al., 2006; Tonitto et
al., 2007) and is one of the most widely accepted bio-
geochemical models in the world (Tang et al., 2006; Li,
2007; Li et al., 2010).

The DNDC model has also been utilized to upscale
estimates of SOC pools from the plot to region scale. At
the region scale, the initial DNDC modeling that has
been conducted has used counties as basic simulation
units, where the minimum and maximum soil parameter
values for each county were derived from soil maps to
simulate an upper and lower estimate of several C and N
pools (Cai et al., 2003; Li et al., 2004). However,
county scale model simulations are subject to great
uncertainties as soil properties are averaged for each
county, largely ignoring the nonlinear impacts of soil
heterogeneity therein (Riith and Lennartz, 2008; Zhang
et al., 2014a).

For recent DNDC up-scaled utilization, a region is
partitioned into many simulation units, within which all

soil properties are assumed to be as homogeneous as
they are at the plot scale (Li et al., 2005, Zhang et al.,
2012). This homogeneity assumption is a possible major
source of error when extending DNDC modeling from
the plot to the region scale (Li et al., 2002; 2004). As the
area of the basic simulation unit increases, so does the
soil property variability or heterogeneity (Qin et al.,
2015), calling into question the accuracy and uncertainty
of its capture (Smith and Dobbie, 2001; Bouwman et al.,
2002).

Soil polygons that are derived from soil vector maps
are used as basic simulation units, which is one way to
reduce the effects of soil heterogeneity on DNDC mod-
eling as much as possible (Zhang et al., 2012; Xu et al.,
2013; Yu et al., 2013). Even so, the soil heterogeneity
within a soil polygon unit still exists and depends on the
soil vector map scale, with a smaller map scale resulting
in higher heterogeneity (Yu et al., 2013). For different
broad regions, the multi-scales of the polygon units for
DNDC modeling range widely from 1 : 50 000 to 1 :
14 000 000 and greatly affect the accuracy and uncer-
tainty of the modeling (Xu et al., 2011; 2013; Yu et al.,
2013; Zhang et al., 2014a).

Another way to reduce the effects of the soil hetero-
geneity on the DNDC modeling is to use soil grid cells
as the basic simulation units (Huang et al., 2004; Yu et
al., 2007¢c; Shi et al., 2010; Yu et al., 2011). The cell
size or resolution of the soil grid units is one ruler with
which to scale the soil heterogeneity, with lower resolu-
tion or larger cell size resulting in higher intracellular
heterogeneity. The cell size or resolution also greatly
affects the accuracy and uncertainty of the soil grid unit
simulation with DNDC (Yu et al., 2011; Pogson and
Smith, 2015).

Soil grid units are more often applied in the simula-
tion of SOC pools (Qiu et al., 2004; Tang et al., 2006;
Liu et al., 2011; Yu et al., 2011) as they are more easily
manipulated for spatial model simulation, geo-statistics
and spatial analysis than soil polygon units (Huang et
al., 2004; Li et al., 2005). Soil grid units are often de-
rived from soil polygon units by data conversion, but the
grid resolution choice varies by researcher even if the
soil polygon units have the same map scale and fall
within same region (Yu et al., 2007¢; Shi et al., 2010;
Yu et al., 2012). For example, the soil polygon units that
were compiled in the Soil Database of China (Yu et al.,
2007a) at the map scale of 1 : 1 000 000 have been con-
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converted into grid units with resolutions of 1 km X 1
km (Yu et al., 2007b) and 10 km % 10 km (Yu et al.,
2007¢c; Yu et al., 2012) to simulate and estimate agri-
cultural SOC pools in China, respectively. Soil grid
units with resolutions of 2 km x 2 km (Shen et al.,
2003) and 50 km x 50 km (Wan et al., 2011), which were
converted from soil polygon units at an original map
scale of 1 © 4 000 000, were used for the grid simulation
of SOC dynamics in different regions. Soil polygon units
at an original map scale of 1 © 50 000 were converted into
grid units with resolutions of 100 m % 100 m (Shi et al.,
2010) and 30 m x 30 m (Su et al., 2012) for the grid
simulation of SOC dynamics in agro-ecosystems.

Our concern is whether these soil grid units at differ-
ent cell sizes have equivalent accuracy or granularity to
their parent soil polygon units for DNDC modeling; in
other words, whether these soil grid unit datasets regu-
late coarser data or contain redundant data, in contrast to
their parent soil polygon unit dataset at a certain map
scale. A coarser or redundant dataset affects the inner
homogeneity of the simulation unit’s soil properties and
the common outcome, because the modeling error will
be lower if all the features within the simulation unit are
more homogeneous (Cai ef al., 2003; Yu et al., 2011; Yu
etal., 2013).

In fact, the accuracy and redundancy are two impor-
tant issues during the dataset conversion of soil simula-
tion units from polygon to grid format, which are often
neglected during modeling at the regional scale. The
accuracy of the grid unit dataset determines the reliabil-
ity and uncertainty of SOC grid simulation (Batjes,
2000; Ni, 2001), and the redundancy of the dataset
muddles the data accuracy, redundant workload and cost
of the simulation (Yu et al., 2011; Yu et al., 2013). Some
researchers have focused on data accuracy but neglected
the data redundancy (Yu et al., 2007b; Shi et al., 2010),
while others neglected the data accuracy (Batjes, 2000;
Yu et al., 2007¢) when conducting the dataset conver-
sion, always searching for an individual solution in
every case.

Given the variety of datasets and number of
simulations in combination with data accuracy,
redundancy and computational costs (Schmidt et al.,
2008), two important questions are raised. How
sensitive is DNDC modeling to different simulation
units at varying vector map scales or raster grid resolu-
tions? Which raster resolution is optimal for DNDC grid

simulation at a fixed soil map scale for error and cost
controls? Matching the grid resolutions with polygon
map scales in equality of soil simulation units is an es-
sential issue to DNDC grid modeling.

In the present study, paddy soil polygon simulation
units at six vector map scales from 1 : 50000 to 1 :
14 000 000 were converted to grid simulation units at
varied raster resolutions in the Taihu Region of China.
Soil organic carbon pools were simulated by polygon
and grid simulations with a DNDC model at varying
vector map scales and raster resolutions, respectively.
The objectives of the study were to: 1) reveal the impact
of the vector map scale and raster resolution of soil simu-
lation units on DNDC modeling; 2) determine an optimal
raster resolution for grid simulation units at fixed soil
vector map scales based on an assessment of the simula-
tion units’ data accuracy and redundancy metrics, and 3)
construct a relationship between the soil polygon units
map scale or average patch size and the optimal raster
resolution of grid units for DNDC modeling at the re-
gional scale. The results will serve as a reference for soil
simulation unit conversion from the polygon to grid for-
mat to support soil carbon cycle modeling at the regional
scale.

2 Materials and Methods

2.1 Study area

The Taihu Region (29°56'N-32°16'N, 118°50'E-121°54'E)
is located in the middle and lower reaches of the Yang-
tze River in China and covers a watershed area of
36 500 km’, including parts of Jiangsu and Zhejiang
provinces and the entire Shanghai Municipality admin-
istrative area (Fig. 1).

The terrain of the region is generally flat plains that are
broken by a high amount of rivers. A northern subtropical
monsoon climate prevails in the region, with a mean an-
nual temperature and precipitation of 16°C and 1100-
1400 mm, respectively (Xu et al., 1980). The soil types
in the region are mainly paddy, fluvo-aquic and red
soils, which cover 90% of the total area. Paddy soils,
which are the largest single proportion of any soil type
in the Taihu Region, occupy 23 200 km®, approximately
66% of the total area (Yu et al., 2014). Derived from
loess, alluvium and lacustrine deposits, the paddy soils
in the Taihu Region are recognized as the most typical
of their type in China (Li, 1992), with a long history of
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Fig. 1 Location of the Taihu Region in China

rice cultivation spanning several centuries (Xu et al.,
1980). Six soil subgroups, namely, bleached, gleyed,
percogenic, degleyed, submergenic and hydromorphic,
are included in the paddy soils. These subgroups are
cross-referenced in US Soil Taxonomy (ST) as typic
epiaquepts (bleached, percogenic, hydromorphic) and
typic endoaquepts (gleyed, degleyed, submergenic) (Soil
Survey Staff, 1994; Shi et al., 2006). A double crop ro-
tation has been managed with summer rice (planted in
June and harvested in October) and winter wheat
(planted in November and harvested in May); the culti-
vated soil layer often reaches to a depth of 20 cm in the
region (Zhang et al., 2012; Zhang et al., 2014a).

2.2  Development of polygon and grid simulation
unit datasets at different map scales

First, paddy polygon unit datasets for DNDC simulation
at six soil vector map scales, e.g., 1 : 50 000 (C5), 1:
200 000 (D2), 1 : 500 000 (P5), 1 : 1 000 000 (N1), 1:
4000000 (N4) and 1 : 14 000 000 (N14), were developed
in the Taihu Region. These datasets were generated by
vector overlays from paddy polygons in the datasets and
polygons that depict county boundaries at a scale of 1 :
50 000, respectively. All the simulation units of the
paddy polygons at one certain map scale within one
county have the same feature input value for DNDC
modeling such as crops, agricultural management and
climate, except for soil features such as soil types, soil
organic matter content, clay content, bulk density, rock

fragments content, soil layer thickness, pH, and hydrau-
lic properties (Yu et al., 2013).

The paddy polygon unit datasets at the six map scales
were developed by a Geographic Information System
(GIS) Linkage technique based on soil type (Yu et al.,
2005; Yu et al., 2007a; Yu et al., 2007b), namely, the
Pedological Knowledge Based (PKB) method (Zhao et
al., 2006), from soil vector maps at their corresponding
map scales. The soil vector maps were compiled by us-
ing a standard soil mapping system that was formulated
from the Second National Soil Survey of China, which
was conducted in the 1980s (Office for the Second Na-
tional Soil Survey of China, 1994). The three paddy
polygon unit datasets C5, D2, and P5 are representatives
of digital maps at regional scales, describing soil fea-
tures at the county, district and province levels, respec-
tively. The other three paddy polygon unit datasets N1,
N4 and N14 all describe soil features at national scales
Yu et al., 2013).

For the soil mapping at the six different map scales,
the soil species is the basic mapping unit for C5 and D2,
that for P5 and N1 is the soil family, and that for N4 and
N14 is the soil subgroup (Yu et al., 2014). The soil
properties attributed to all the paddy polygons were de-
rived from representative soil profiles, which were sur-
veyed, compiled and authorized in the Second Soil Sur-
vey of China in the 1980s (Shi et al., 2006). The number
of soil profiles attributed to paddy polygons at the CS,
D2 and P5 scales totaled 1107, 136 and 127, which were
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taken from the three books: ‘Soils of County’, ‘Soils of
District” and ‘Soils of Province’, respectively. The soil
properties attributed to the paddy polygons at the na-
tional map scale (N1, N4 and N14) originated from the
49 soil profiles described in the book ‘Soils of China’
(Shi et al., 2006; Yu et al., 2014).

Second, paddy grid unit datasets were developed
from the above paddy polygon unit datasets at the six
map scales for DNDC simulation. Each polygon unit
dataset was converted into a series of grid unit datasets
with different grid cell sizes. The grid cell ranged from a
default to a maximum size, with the size increment set
to approximately 10% of the default. The polygon unit
dataset at the N14 scale was also converted to grid unit
datasets at different cell sizes ranging from the default to
a minimum size, with an approximate decrement of 10%
of the default. The default was determined by the soil
vector map scale and the lowest mapping unit size
(2 mm X 2 mm) described and exhibited in a hard copy
of the map (Yu et al., 2014). For the conversions of the
six polygon unit datasets (C5, D2, P5, N1, N4 and N14),
the default grid cell sizes are 100 m, 400 m, 1 km, 2 km,
8 km and 28 km, respectively. The maximum grid cell
sizes were that at which the difference in the paddy SOC
pool that was simulated by DNDC with the grid unit
dataset exceeds the simulation from their parent polygon
unit dataset by 30%, and the minimum grid cell size was
that at which the difference is less than 0.8%. All the
data conversions were conducted using the Polygons to
Raster Conversion Tools (PRCT), a component of the
ArcGIS 9.0 software, with the grid cell value assign-
ment type option of Maximum-Area (Yu et al., 2014).

Finally, the attributes of all the simulation units that
were rendered as vector (polygon unit) and raster (grid
unit) datasets, inluding the soil properties, daily weather,
cropping systems, and agricultural management prac-
tices, are required to initialize the DNDC model at re-
gional scale (Yu et al., 2011; Yu et al., 2013). Each
simulation unit has its own data records, which were
used as the input and output for the DNDC modeling of
SOC dynamics (Zhang et al., 2009a; Zhang et al.,
2009b; Zhang et al., 2014a).

2.3 DNDC modeling and validation

The DNDC (DeN.itrification-DeComposition) model is a
process-based model of carbon (C) and nitrogen (N)
biogeochemistry in agro-ecosystems (Li et al., 1992a;

1992b), and can simulate soil C and N biogeochemical
cycles in paddy rice ecosystems, depending on the series
of anaerobic processes that are supplemented in the
model (Li et al., 2002; Li et al., 2004; Li, 2007). Soil
organic matter, clay content, pH and soil bulk density
are sensitive parameters that serve as input for SOC
simulation with DNDC (Li et al., 2002; Levy et al.,
2007; Zhang et al., 2012; Zhang et al., 2014a).

Farming management scenarios were compiled for
DNDC modeling of SOC dynamics based on the five
assumptions from Zhang et al. (2009a; 2009b; 2012;
2014a), which did not vary with the soil simulation unit
within a county. The five assumptions were as follows:
1) nitrogen fertilizer consisted of 40% urea, 40%
NH4HCO;3, and 20% NH4H,POs; 2) 15% of the above-
ground crop residue was returned to the soil; 3) 20%
livestock waste and 10% human waste were added as
manure to the soil; 4) one midseason drainage event and
shallow flooding event were each applied to summer
rice; and 5) for the rice-wheat rotation, tillage was con-
ducted twice before 1990 at 20 cm for rice and 10 cm
for wheat on the planting dates; no-tilling was applied
for wheat after 1990.

The DNDC modeling spans the time period from
1982 to 2000, a duration of 19 years. A total of 65 340
paddy polygon unit simulations and a great deal of
paddy grid unit simulations were executed. DNDC ver-
sion 9.1 was run in the present study.

To validate and assess the performance of DNDC
modeling, the observed values of SOC content, which
were acquired in 2000 from 1033 soil sampling sites
within paddy polygon units at the C5 map scale, were
used against the modeling values from this year (Zhang
et al., 2014a). The observed SOC content of the top
layer (0-15 cm) varied from 1.9 to 36 g/kg, and the
simulated SOC ranged from 5.1 to 34 g/kg in 2000,
where 99.6% of the simulated polygon units in C5 were
within the ranges produced by the observed values. Four
statistical criteria, namely, the correlation coefficient (7),
the relative error (£), the mean absolute error (MAE)
and the root mean square error (RMSE), were employed
to evaluate the model’s performance. The » was 0.5 at a
significance level P < 0.01, the £ was 6.4%, the MAE
was 4.0 g/kg and the RMSE was 5.0 g/kg, all indicating
that the modeled results were encouragingly consistent
with the observations and the DNDC model was ac-
ceptable for the SOC modeling of paddy soils in the
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Taihu Region (Zhang et al., 2014a). A more complete
discussion of DNDC model validation and error as-
sessment for the region can be observed in Zhang et al.
(2012; 2014a).

2.4 Data calculation and analysis

The simulated SOC density (SOCD, kg C/m®) of a

paddy polygon or grid unit () is calculated according to

the following equation (Yu et al., 2014):

SOCD; = > (1 — 6%) x p;x Cix T / 100 (1)
i=1

where 7 is the number of soil pedogenic layers, 0%

represents the volumetric percentage of the > 2 mm

fraction (rock fragments), p;is the bulk density (g/cm?),

C; is the simulated soil organic C content (g/kg) in 2000,

and 7; represents the thickness (cm) of the layer i.

The simulated SOCD of the surface paddy soil is
calculated to a depth of 20 cm, which is the bottom of
the cultivated layer in the region (n = 1).

Four indices of the surface paddy soil, namely, the
paddy soil area (AREA, Mha), the paddy soil type
number (STN), the simulated SOC stocks (SOCS, Tg)
and the average SOCD (4SOCD, kg C/m?) in 2000, in
which the DNDC modeling was validated with 1033
observed SOC content values, were selected to assess
the data accuracy between a paddy grid unit dataset and
its parent polygon unit dataset. The four index values
(/Vs) that were determined from each polygon unit
dataset are recognized as a benchmark for a comparison
with the values from their affiliated grid unit datasets.
Except for the index value (/) of STN, which was
obtained by accounting, the Vs of AREA, SOCS and
ASOCD were calculated as follows:

IV (AREA) = i(AREAj) )
j=1

IV (SOCS) = i(SOCDjXAREAj) 3)
j=1

IV (ASOCD) = IV (SOCS) / IV (AREA) @)

where AREA; is the area of the paddy polygon or grid
unit; SOCD; is the simulated SOC density of a paddy
polygon or grid unit, and j is the number of paddy
polygons or grid units, m is the total number of paddy
polygons or grid units (Yu et al., 2014).

Variation in an index value (VIV, %), which were

obtained from a grid unit dataset (/Vgig) and its parent
polygon unit dataset (/¥ po1ygon), are recognized as a ruler
to scale the magnitude of the consistency between the
two datasets. The accuracy of the two datasets formats
may be consistent or identical, but only if the absolute
values of all these indices VIVs are less than 1% (Yu et
al., 2014). The VIV is calculated as follows:

ViV (%) = abs(lOO X (IVgrid_ IVpolygon ) / IVpolygon)
(5)

where [Vpgiygon is an index value obtained from a
polygon unit dataset, and [Vgi¢ is the index value
obtained from an affiliated grid unit dataset.

The optimal soil grid unit size for a polygon unit dataset
conversion to grid unit dataset is the maximum grid cell
size to which the two datasets are scaled identically.

3 Results

3.1 Variations in input soil parameters among
simulation unit datasets

The spatial distribution characteristics of the input
soil parameters, such as SOC and clay content, pH
and soil bulk density, which are depicted by various
simulation unit datasets differ from each other (Table
1, Table 2). For instance, the mean values of the
initial SOC content at different map scales are
different. The smallest mean value is 15.69 g/kg at N4
scale and the largest mean value is 33.38 g/kg at N14
scale. The CV of the initial SOC content is the highest
at N1 scale and the CV is the lowest at N14 scale
(Table 2). The mean SOC values of the grid units at
different resolutions are all smaller than the values of
their parent polygon units at the map scales of C5, P5
(Table 1) and N1 (Table 2) but not for the map scales
of D2 (Table 1), N4 and N14 (Table 2). In general,
the mean SOC value and CV of the grid units varies
with the grid cell size, CVs of pH and bulk density are
less than that of clay and SOC depicted by various
simulation unit datasets.

3.2 Index values determined from simulation
polygon units at different map scales

The basic mapping unit type, paddy soil type number,
polygon unit number and soil area, which were
determined from the six paddy polygon unit datasets
at different map scales, describe the physical
characteristics of these soil datasets, differ from each

other (Table 3).
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Table 1 Soil parameter inputs from different resolution units at regional map scales in the Taihu Region of China

Map scale Si@ulation Clay (%) pH SOC (g/kg) Bulk density (g/cm’)
unit (km) Mean (6% Mean (6% Mean (0% Mean (6%

C5 (1 < 50000) Polygon 29.00 37.07 6.65 9.77 16.81 33.26 1.18 10.17
0.1 29.01 37.06 6.67 9.75 16.79 33.34 1.18 10.17

0.2 28.85 37.54 6.67 9.90 16.56 33.54 1.18 10.17

0.3 28.35 38.77 6.67 10.04 16.30 33.45 1.19 10.08

0.4 27.71 40.24 6.67 10.19 16.00 33.38 1.20 10.00

0.5 27.20 41.62 6.67 10.34 15.74 33.43 1.20 10.00

1 25.61 44.01 6.71 10.88 14.94 33.66 1.22 9.84

2 24.55 44.77 6.74 11.13 14.46 34.14 1.22 9.84

3 24.45 44.09 6.77 10.78 14.33 34.52 1.22 9.84

D2 (1 200 000) Polygon 26.77 40.79 6.96 10.06 29.42 33.92 1.16 8.62
0.4 26.64 40.99 6.96 10.20 29.50 33.86 1.16 8.62

0.5 26.72 41.65 6.93 10.25 29.37 33.95 1.16 8.62

0.6 26.75 42.21 6.90 10.43 29.14 33.87 1.16 9.48

0.7 26.71 43.13 6.88 10.47 29.03 34.14 1.16 9.48

0.8 26.67 43.94 6.86 10.64 28.93 34.39 1.16 9.48

1 27.20 39.74 6.99 9.87 28.89 33.16 1.16 8.62

2 27.13 38.85 7.00 10.00 28.46 31.59 1.16 8.62

4 26.80 41.75 6.95 10.22 28.45 29.77 1.16 9.48

P5 (1 1 500 000) Polygon 25.26 44.02 6.97 10.47 17.50 32.85 1.16 8.62
1 25.61 47.36 6.79 11.63 17.06 34.12 1.17 10.26

2 25.63 49.63 6.67 11.99 16.83 34.46 1.18 11.02

3 25.84 50.23 6.67 12.29 16.70 35.02 1.19 10.92

4 26.31 50.29 6.63 12.37 16.67 36.77 1.19 10.08

5 26.56 49.10 6.63 12.22 17.06 34.53 1.20 10.83

6 26.86 50.22 6.59 12.14 17.06 34.87 1.20 10.83

Notes: Mean: mean value; CV: coefficient of variation

Table 2  Soil parameter inputs from different resolution units at national map scales in the Taihu Region of China

Map scale Si@ulation Clay (%) pH SOC (g/kg) Bulk density (g/cm’)
units (km) Mean cv Mean Ccv Mean cv Mean cv

a: 11(;]30 000) Polygon 27.01 35.99 6.56 10.98 29.01 37.61 1.15 7.83
2 26.36 37.78 6.53 11.03 28.71 38.84 1.15 8.70

3 25.95 37.88 6.56 10.82 28.28 39.53 1.15 8.70

4 27.54 3831 6.61 12.41 24.45 41.76 1.12 8.93

5 26.78 37.49 6.61 10.29 28.50 37.61 1.15 7.83

6 26.69 36.98 6.63 10.26 28.78 36.55 1.16 7.76

7 27.32 36.20 6.66 9.91 28.29 35.49 1.16 7.76

a: 41(;]30 000) Polygon 25.95 26.51 6.43 6.84 15.69 33.69 1.12 6.25
8 26.31 25.54 6.41 7.18 15.50 33.86 1.13 6.19

9 25.99 26.63 6.39 6.73 15.42 35.95 1.13 6.19

10 27.00 23.78 6.41 6.71 15.85 33.96 1.13 6.19

12 27.23 23.32 6.47 5.10 16.01 33.83 1.12 5.36

14 27.52 23.33 6.50 4.77 15.75 32.81 1.12 4.46

16 27.89 20.04 6.51 4.45 15.58 28.84 1.12 4.46

18 28.97 16.98 6.53 4.29 16.14 26.55 1.13 4.42
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Continued table
Simulation Clay (%) pH SOC (g/kg) Bulk density (g/cm’)
Map scale .
units (km) Mean (0\% Mean (6)% Mean [0\ Mean (0\%
. N14 Polygon 33.46 18.29 6.51 7.37 33.38 31.34 1.14 2.63
(1214 000 000)
17 32.77 18.31 6.61 6.51 32.34 31.08 1.14 2.63
18 3291 18.14 6.60 6.67 32.11 30.36 1.14 2.63
19 33.39 18.75 6.58 6.53 33.39 32.32 1.14 2.63
20 32.12 16.69 6.58 6.99 31.23 29.84 1.14 2.63
21 33.10 18.31 6.59 6.83 32.27 31.14 1.14 2.63
22 33.35 17.96 6.54 7.03 33.09 29.07 1.14 2.63
23 33.09 18.68 6.59 6.68 32.33 32.11 1.14 2.63
24 33.07 17.96 6.54 6.88 32.79 30.16 1.14 2.63
25 33.12 17.30 6.52 6.75 33.06 29.19 1.14 2.63
26 33.17 18.66 6.57 6.85 32.87 31.15 1.14 2.63
27 32.60 18.10 6.61 6.96 31.29 31.80 1.14 2.63
28 33.13 17.27 6.54 6.88 32.13 30.10 1.14 2.63

Notes: Mean: mean value; CV: coefficient of variation

Table 3
China

Index values determined from the DNDC simulations with paddy polygon units at different map scales in the Taihu Region of

Index values from vector simulation units (/Vo1ygon)

Map scale SPN STN
SOCS (Tg) AREA (Mha) ASOCD (kg C/m®)
S1 S2 S3 S4

C5 (1 :50000) 52304 144.78 232 6.24 622 137 6 1
D2 (1 2 200 000) 7263 168.78 2.60 6.48 127 78 6 1
P5 (1 500 000) 4766 172.04 2.53 6.71 68 6 1
N1 (1 : 1000 000) 967 161.21 2.59 6.24 48 6 1
N4 (1 : 4000 000) 32 167.55 2.74 6.12 6 1
N14 (1 : 14 000 000) 8 207.73 2.80 7.42 2 1

Notes: SOCS: SOC stocks of surface paddy soil; AREA: paddy soil area; ASOCD: average SOC density of surface paddy soil; STN: paddy soil type number; SPN:
paddy soil unit number; S1: soil species; S2: soil family; S3: soil subgroup; S4: soil great group (paddy soil)

For instance, four of the six paddy soil subgroups,
namely, bleached, percogenic, degleyed and submergenic
paddy soil, are not described in the N14 polygon unit
dataset, but every paddy soil subgroup is described in
other five datasets.

Additionally, the IVs of SOCS and ASOCD for the
surface paddy soils that were simulated by DNDC with
the six polygon unit datasets display pronounced differ-
ences from each other (Table 3). The [V of SOCS in-
creased as the map scale of polygon unit dataset de-
creased. The highest 7V of SOCS was simulated with the
N14 polygon unit dataset beacuse the hydromorphic

paddy soils have the largest area and the highest simu-
lated SOCD (> 8 kg C/m?) mapped in the dataset. The
area of hydromorphic paddy soils, which was mapped in
the N14 dataset with the darkest polygons of the SOCD
that was simulated by DNDC (Fig. 2f), is approximately
7 times that in the C5 dataset (Fig. 2a). The spatial dis-
tribution maps of SOCD that were simulated with these
polygon unit datasets display differences from each oth-
er (Fig. 2). The SOCD maps of the surface paddy soil,
which were synthesized cursorily and simulated by
DNDC with the N4 and N14 polygon unit datasets, dif-
fer distinctly from the others.
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Fig. 2 Soil organic carbon density (SOCD) map simulated by DeNitrification-DeComposition (DNDC) model from vector paddy soil
units at different map scales in the Taihu Region of China (a, C5 (1 : 50 000); b, D2 (1 : 200 000); ¢, PS (1 © 500 000); d, N1 (1 :

1 000 000); e, N4 (1 : 4 000 000); f, N14 (1 : 14 000 000))

3.3 Optimal soil grid unit resolutions for SOC
modeling at regional map scales

The VIVs of the four assessment indices (STN, AREA,
SOCS and ASCOD), which were determined from the
grid unit datasets and their parent polygon unit datasets
at regional map scales, generally increase with increas-
ing grid cell size (Fig. 3a, 3b and 3c¢). The VIV magni-
tude and trend vary with grid cell size, dataset and in-
dex. For the C5 polygon unit dataset and affiliated grid
unit datasets, the VIVs of the four indices are all > 1%
when the grid cell size is set as > 0.5 km. Only the VIV
of ASOCD is < 1% when the grid unit resolution ranges

from 0.3 to 0.5 km. When the grid cell size decrease
to 0.3 km, three of the four VIVs are all < 1%, except
for the SOCS index. The VIVs of the four indices are
all < 1% only when the grid cell size is < 0.2 km (Fig.
3a) and STN index is depicted with soil species (Table
3). The 0.2 km % 0.2 km resolution is optimal for the
conversion of the C5 dataset from polygon to grid
units, as the grid and parent polygon unit datasets are
roughly equivalent in their information content and
the data redundancy is minimal (Fig. 3a) when simu-
lating regional SOC pools with DNDC at this cell
dimension.
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Fig. 3 VIVs, which vary with grid unit resolutions at different soil unit map scales in the Taihu Region of China (VIV, variation of an
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(134000 00); f, N14 (1 : 14 000 000))

Similarly, for the conversion of the D2 and P5 dataset,
only the VIV of ASOCD is < 1% when the grid unit reso-
lution is 2 km, respectively. However, when the grid cell
size for D2’s conversion decreases to 0.8 km, all the VIVs
are < 1% except for the STN index of soil species (Fig.
3b); all the ViVs > 1% for P5’s conversion when the grid
cells size increases over 2 km (Fig. 3¢c) and the STN index
is depicted with the soil family (Table 3). The ViVs of the
four indices that were derived from the conversion of the

D2 and P5 datasets are all < 1% only when their grid cell
sizes are < 0.7 km and < 1 km, respectively. At their
maximum cell dimensions, the grid and parent polygon
unit datasets are nearly identical, which minimizes the
numbers of grid cells (NGS) and the time and cost of
simulation (Fig. 3b and 3c). The optimal grid unit resolu-
tion for D2 and P5’s conversion when simulating regional
SOC pools with DNDC is 0.7 km x 0.7 km and 1 km % 1
km, respectively.
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3.4 Optimal soil grid unit resolutions for SOC
modeling at national map scales

Generally, almost all the VIVs of the four assessment
indices (STN, AREA, SOCS and ASCOD) from these
grid unit datasets and their parent polygon unit datasets
at national map scales increase with increasing grid cell
size except for N14 (Figs. 3d, 3e and 3f). The VIVs of
three indices (SOCS, AREA and ASOCD) from the con-
version of the N14 dataset vary with grid cell size in the
random scatter diagram, except for the STN index of the
soil subgroup when the grid cell size ranges from 18 to
36 km, which is around the center of its default grid cell
size (28 km). The random scatter diagram complicates
the selection of an optimal grid unit resolution as the
VIV for the four indices are not consistent with varying
grid cell size. To simulate regional SOC pools with
DNDC, the optimal grid resolution for the conversion of
the N14 dataset was determined to be 17 km x 17 km, as
all the VIVs are < 1% when the maximum grid cell size is <
17 km (Fig. 31).

The results for the conversion of the N1 and N4
datasets demonstrate that the VIVs of ASOCD and STN
are < 1% and the VIVs of SOCS and AREA are > 1%
when the grid cell size is > 2 km (Fig. 3d) and > 8 km
(Fig. 3e) and the STN index is depicted with the soil
family and subgroup (Table 3), respectively. The VIVs of
the four indices that were obtained from their grid unit
datasets are only < 1% when the maximum grid cell size
is < 2 km and < 8 km, respectively. Accordingly, the
grid resolutions of 2 km x 2 km and 8 km x 8 km are
optimal for the converson of the N1 and N4 datasets
from paddy polygon to grid units for the DNDC grid
modeling of regional SOC pools (Figs. 3d and 3e).

3.5 Relationship between polygon unit map scale
and corresponding optimal grid unit resolution for
simulation of regional SOC pools

Correlation analysis indicated a statistically significant
relationship between the paddy polygon unit map scale
(1 710 000x) and the corresponding optimal grid unit
resolution (y, km). Using several common regression
model such as linear, logistic, polynomial, power and
exponential regression, the relationship can be described
with R > 0.90 at a significance level of P < 0.05 as
follows:

y =0.80 x 10°%* + 0.0228x + 0.0211 (R* = 0.9994,

P < 0.05) (6)
y = 0.0546x"7% (R* = 0.9909, P < 0.05) (7
0.012x + 0.8759 (R* = 0.9690, P < 0.05)  (8)

¥

All the mathematical regression curves deviate from a
default linear regression, but the quadratic curve
regression Equation (6) describes the relationship with
the highest R* (Fig. 4) among them, with a significance
level of P < 0.05. Although non system with underlying
and fixed mathematics to reveal the relationship, the
quadratic curve model was put forward from Yu et al.
(2014) study to reveal such relationship for the
calculation of regional SOC pools, too.

4 Discussion

4.1 Effect of map scale and grid resolution of
simulation units on DNDC modeling of SOC pools
The Vs of the STN and AREA vary with the map scales
of the polygon unit datasets (Table 3), and the VIVs that
were determined from their grid unit datasets and parent
polygon unit datasets vary with grid cell size (Fig. 3).
The VIV of STN from the C5 and D2 datasets vary with
grid cell size and can be described best by an
exponential curve (Yu ef al., 2011), and the VIV from
PS5 varies as a logarithmic curve (Yu ef al., 2014). Both
the map scale and grid resolution affect the soil type
number and soil areca, much lower the numbers of
polygon units or grid cells, which affects the time and
cost of simulation (Yu et al., 2011; Yu et al., 2013).

30
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Fig. 4 Relationship between paddy polygon unit map scale and
matched optimal grid unit resolution for the SOC simulation with
DNDC in the Taihu Region of China (y: value of vertical
ordinate; x: value of horizontal ordinate)
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Additionally, the decreasing map scale or raster
resolution changed the estimated contents of soil
features such as SOC, clay content, pH and soil bulk
density (Table 1, Table 2), which are all sensitive input
parameters in DNDC modeling. The difference in the
input parameter values directly affect results of the
modeling (Valade et al., 2014; Zhang et al., 2014b; Zhu
and Zhuang, 2014). Thus, both the map scale (Xu et al.,
2011; Xu et al., 2013; Yu et al., 2013; Zhang et al.,
2014a) and grid resolution (Yu et al., 2011; Pogson and
Smith, 2015) of the soil units significantly affected the
simulation results of the regional SOC pools, which is
why the IVs of the simulated SOCS and ASOCD and
their VIVs varied with map scale and grid cell size
(Table 3, Fig. 3).

Understandably, the C5 paddy polygon unit dataset in
this study, which contains the greatest numbers of soil
polygon units, soil families and species (Table 3), is the
most detailed and accurate database in the Taihu Region
(Zhang et al., 2012; Yu et al., 2013). Thus, the /Vs of
STN, AREA, SOCS and ASOCD that were obtained in the
C5 dataset are considered to be the most reliable and are
recognized as benchmarks for comparisions with other
datasets at different map scales or raster resolutions in the
region (Yu et al., 2011; Yu et al., 2013).

The variability in the weather data (i.e., precipitation,
maximum and minimum air temperature) and farming
management scenarios (i.e., sowing method, nitrogen
fertilizer application rates, livestock, planting and
harvest dates) among these simulation unit datasets were
almost not found and could be neglected for the
purposes of this analysis. Because these datasets were
from the same weather and farming management
database at the county scale and were overlain with
these soil polygon datasets, all polygon and grid
simulation units at any map scale or resolution within one
county have the same feature input value for DNDC
modeling except for soil features. Soil attributes, area,
and changes in the soil type are the main source of the
SOC variability in this study that was simulated by
DNDC and are associated with the simulation units’ scale
and resolution (Yu ef al., 2013; Pogson and Smith, 2015).

4.2 Comparison of simulation grid unit resolutions
at different map scales among referenced re-
searches

The optimal grid cell sizes for C5 and D2 conversions

were larger than their default sizes, which maybe
indicated that the actual accuracy of soil mapping at
county and district level did not meet C5 and D2’s
requirement, respectively. The optimal grid cell sizes for
N14 conversions was far smaller than its default size,
which did not imply that soil mapping of the N14 was
conducted in the acurracy of much higher than the 1 :

14 000 000 map scale, but indicated that oversized grid
cell could not reflect soil features spatial situation
anymore at any map scale. Default sizes are not proper
for the three (C2, D2, NI14) polygon datasets
conversions except other three datasets (P5, N1, N4),
resulting all mathematical regression curves (Equations
(6)—(8)) deviate from a default linear regression.

At the C5 map scale (1 : 50 000), the original soil
polygon units were converted to grid cells with sizes of
100 m x 100 m (Yang et al., 2009; Shi et al., 2010) and
30 m x 30 m (Su et al., 2012) as basic assessment units
to simulate the SOC dynamics of agro-ecosystems.
Compared to the optimal resolution (200 m x 200 m)
suggested here, both soil grid unit datasets are
redundant. Similarly, the soil grid unit datasets at a cell
size of 1 km % 1 km, which was converted from the 1 :
1 000 000 (N1) scale polygon unit dataset (Yu et al.,
2007b), and 2 km X 2 km, which was converted from
the 1 © 4 000 000 (N4) scale (Shen et al., 2003), contain
significant redundancy compared to the optimal
resolution 2 km x 2 km and 8 km x 8 km, respectively,
which were achieved in this study. Although the grid
unit datasets that were used by these researchers
retained the same data content as their parent polygon
unit dataset, the grid cell size is not a real raster
resolution that matches with their map scales due to the
data redundancy. The workload and cost of the regional
SOC investigation and simulation would triple due to
the higher number of grid cells if the grid cells were
designed as soil sampling and simulation units.

By contrast, the grid units with a cell size of 50 km
x 50 km, which was converted from the 1 © 4 000 000
(N4) scale (Wan et al., 2011) and 10 km x 10 km,
which was converted from the 1 © 1 000 000 (N1) scale
(Yu et al., 2007¢) soil polygon unit dataset, were used
as assessment units to model the SOC dynamics in
different The grid
anticipated to have higher uncertainty than their parent
polygon units’ simulations because the grid unit

regions. simulations can be
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datasets is coarser than their parent polygon unit
datasets. If the grid cells are designed as soil sampling
and simulation units, the regional SOC investigation
and simulation will not have equivalent accuracies to
their map scales.

The harmonized world soil database (HWSD), which
was completed by FAO/IIASA/ISRIC/ISSCAS/JRC in
2009, was produced at a cell size of approximately 1 km
x 1 km from an original polygon unit dataset, which
contains over 16 000 different soil mapping units and
was derived from the Soil Map of the World (1 :
5000 000), the regional Soils and Terrain Digital
Database (SOTER) (1 : 1 000 000 to 1 : 5 000 000), the
European Soil Map and the Soil Map of China (1 :
1 000 000, digitized and compiled by authors YU
Dongsheng et al.) (FAO/IIASA/ISRIC/ISSCAS/IRC,
2009). Based on the relationship developed here and
5000 000, the effective
resolution of the grid unit dataset would be approxi-
mately 10 km x 10 km, rather than 1 km X 1 km.
Utilizing the HWSD database at a grid cell size of 1 km
x 1 km for global SOC pool research would be subject
to elevated data redundancy at the map scale and data
uncertainty with the raster resolution, although it is
currently the best global soil database in the world (Yu
etal.,2013).

assuming a scale of 1 :

4.3 Comparison of the optimal soil raster unit
resolutions between the calculation and simulation
of regional SOC pools

Yu et al. (2014) conducted a similar study in the same
region as this study. A different method that was
adopted in Yu et al. (2014) compared to this study was
that the SOC content (C;, g/kg) in Equation (1) was
observed data in 1982, which is one of the input
parameters for DNDC modeling in this study, while the
C; (g/kg) in this study was simulated data in 2000 by the
DNDC modelling, which creates slight differences in
the results. For example, the optimal grid cell sizes that
correspond to the 1 : 4 000 000 (N4) and 1 : 14 000
000 (N14) map scales were 9 km and 20 km when C;
(g/kg) was observed (Yu et al., 2014) and 8 km and 17
km when C; (g/kg) was simulated in this study. The
main reason for the difference was that more soil feature
data, such as soil clay content and pH, were used to
simulate the C; (g/kg) in this study, but these data were
not included in Yu et al. (2014). The additional soil

features that were included in this study imply more
rigorous criteria to assess data consistency between grid
unit datasets and their parent polygon unit datasets, and
further increase the optimal raster resolution, even if the
same indices and criteria as in Yu ef al. (2014) were
applied. Maybe the different year (1982 and 2000,
respectively) of the SOC pools estimation was another
reason for the difference, but it should be incredible that
both the optimal grid cell sizes were smaller than that
from the previous study. Fortunately, this slight
difference only occurred during the polygon unit dataset
conversions for the small map scales of N4 and N14,
indicating that these additional soil features that were
included in this study affected the assessment of dataset
consistency through the C; (g/kg) simulated by DNDC
at these two map scales, even if the model was well
validated.

However, the optimal grid sizes corresponding to the
other four map scales (C5, D2, P5, P1) did not show any
difference whether C; (g/kg) was observed or simulated,
which indicates that these additional soil features did not
affect the assessment of dataset consistency at these four
map scales through the simulated C; (g/kg) and proves
that the model was well validated in the region. The
relationships between the optimal grid cell size (y, km)
and map scale (1 : 10 000x) that were revealed in the
two studies are all described best in a quadratic curve
model Equation (6) when C; (g/kg) was simulated and
Equation (9) (R*=0.9982, P < 0.05) when C; (g/kg) was
observed (Yu et al., 2014) with slightly different
regression coefficients.

y =0.803x10°° x* + 0.025 x—0.0874 9)

The quadratic model Equation (6) implies that the op-
timal grid cell size may be larger than the default when
the map scale is larger than 1 © 4 000 000 (N4) (Fig. 4).
The default-size soil grid units that were converted from
polygon units at these map scales will result in data
redundancy. When the map scale is less than 1 : 4 000
000 (N4), the optimal grid cell size is less than the
default, and the deviation increases with decreasing map
scale (Fig. 4). The conversion of soil polygon units at
these map scales to grid units at the default cell size will
decrease the data accuracy and increase the simulation’s
uncertainty. Thus, more
important to soil polygon unit dataset conversion at map
scales that are less than N4 compared to the other map

the quadratic model is
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scales.

The quadratic model Equation (6) also can substitute
Equation (9) when C; (g/kg) is observed during the
calculation of regional SOC pools, because the optimal
grid unit resolution that is determined from Equation (6)
may be higher than that from Equation (9) at a certain
map scale (Fig. 4). The accuracy of the soil assessment
unit dataset and the certainty of the results are more
critical than the dataset’s redundancy.

4.4 Application of quadratic curve regression
model for DNDC modeling at different map scales
Almost all the map scales of the soil polygon unit
datasets that are commonly used for China, which were
generated from the Second National Soil Survey of
China, are included in this study. The six soil map scales
were designed for soil mapping at different adminis-
trative levels, including county, district, province and
the whole country (Shi et al., 2006).

The Taihu Region is a typical area in China where
paddy soil prevails. Although the region is located in the
Yangtze Delta plain in East China, where rice fields are
integrated with a high density of rivers or ponds,
gardens and urban land, the spatial distribution pattern
of rice fields is similar to hilly or mountain regions
where rice fields coexist with crops, grass, shrubs and
forests and urban land (Yu et al., 2011). We may assert
with some degree of confidence that the knowledge
obtained in this present study can be applied elsewhere
in East and South China, where 95% of China’s rice
fileds are distributed (Li, 1992c).

In the North and West China, the mean size of the
soil vector mapping unit is larger than that of East and
South China at various map scales, because of simpler
natural conditions and reduced spatial variability. We
may conclude that the optimal grid cell size that is
determined from the quadratic model Equation (6) can
be smaller than the real optimal size in the region (Yu et
al., 2013). The applied optimal grid cell size will create
slight redundancy in the grid unit dataset but not lower
its accuracy contrasting to their corresponding soil
polygon units’ map scales. Although the quadratic
model was obtained from a specific case study and the
regression coefficients would vary with the research
region slightly, this knowledge can be referenced as a
guideline for soil unit conversion from polygon to grid
and to optimize field sampling strategies for the regional

simulation of SOC pool dynamics in China.

Within China, a few administrative regions are
different from those used here due to their historical
anthropogeography and physical geography, resulting in
additional soil datasets with non-traditional map scales,
such as the 1 © 75 000, 1 : 100 000 or 1 : 150 000 soil
mapping scales for the county level, 1 : 250 000 or 1 :
350 000 for the district level, and 1 : 750 000 or 1 1
500 000 for the province level (Shi et al., 2006). The
optimal grid resolutions for the conversion of soil
polygon units for DNDC modeling at these map scales,
can also be inferred from these guidelines.

4.5 Implication for conversion of other landscape
polygons to grid units
The paddy soil polygon units in the study can be thought
as paddy soil landscape patches, the landscape patches
and indices suffer both natural and artificial controls,
which is similar with other landscape, i.e., vegetation
and landuse landscape (Fu et al., 2011). In fact the op-
timal grid resolution for polygon landscape patch con-
version depends on the landscape indices, such as patch
density, patch size, patch area and patch shape. Relative
size and position of mesh cell to polygon patch affect
assigned cell attibuties when partition the polygon patch,
especially for those cells acrossing patches border.
According to the series paddy soil polygon patches
data, the average patch area (S, km?) was calculated,
namely 0.446 km” (C5), 3.585 km® (D2), 6.683 km’
(P5), 21222 km® (N1), 172.152 km® (N4) and
731.491 km® (N14), respectively. Ratio (1%, %) of the
optimal mesh cell size obtained in this study to S was
9.0%, 13.7%, 15.0%, 18.8%, 37.2% and 39.5%, respec-
tively. Both S and R increased with polygon map
scale decrease. A significant relationship between the
R and the mean polygon landscape S was found and
shown as Equations (10) and (11), which explained why
the quadratic or power function model relationship exist
between optimal grid resolution and soil polygon unit
map scale.

R = 10.3948"%' (R* = 0.9759, P < 0.05)  (10)
R = -0.00025> + 0.17885 + 12.601
(R* = 0.9737, P < 0.05) (11)

The Equation (10) with the highest R* was constructed
from landscape patch index (S), so it can be referenced to
other landcape polygon patches’ mesh partition.
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5 Conclusions

The DNDC model has been utilized to upscale estimates
of SOC pools from the plot to region scale. For
up-scaled DNDC utilization, a region is partitioned into
many simulation units, e.g., soil vector polygon units or
raster grid units, within which all properties are assumed
to be as homogeneous as at plot scale. The homogeneity
assumption is a possible major source of error when
extending DNDC modeling from the plot to region
scale. The homogeneity within the simulation units is
linked to their map scale or grid resolution, which has a
strong influence on the results of SOC pool simulation.
This study reveal the impact of the vector map scale and
raster resolution of soil simulation units on DNDC
modeling.

Soil grid units are more often applied to SOC pool
simulation, as they are more easily manipulated for
spatial model simulation, geo-statistics and spatial
analysis than soil polygon units. Most are derived by
data conversion from soil polygon units, but the choice
of grid unit resolution varies by researcher even if these
units are derived from a certain vector polygon unit
dataset. An optimal raster resolution corresponding to a
certain map scale was proposed in this study for soil
polygon unit conversion to grid units. The optimal raster
resolution is the maximum grid cell size for which the
soil grid unit dataset and the vector polygon unit dataset
can be identically scaled. The quadratic curve regression
model y =0.80 x 10°x* + 0.0228 x + 0.0211 (R’ =

0.999 4, P < 0.05), and the power function model R =
10.394 8 2133 (R2=0.975 9, P < 0.05) were distinguished
in this study. The quadratic curve model best describes
the relationship between the optimal soil grid unit
resolution (y, km) and soil polygon unit map scale (1 :

10 000x), and the power function model best describes

the relationship between the ratio (I% , %) of optimal
mesh cell size to average polygon patch size (S, km?)
and the S, with the highest R* at the significance level of
P <0.05 respectively.

For the investigation and simulation of regional SOC
pools, the quadratic curve model is more important to
the conversion of soil polygon units at map scales that
are less than 1 © 4 000 000 (N4) compared to the other
map scales. Although this quadratic curve model was
determined from a specific case study and the regression

coefficients would vary with the investigated region
slightly, this knowledge can be referenced as a guideline
for the conversion of soil assessment unit datasets from
polygon to grid cells, which is efficient for optimizing
field sampling strategies, minimizing the uncertainty of
the investigation and simulating regional SOC pools at
different map scales. The power function model can be
referenced to other landcape polygon patches’ mesh
partition. Matching grid resolutions with polygon map
scales in equality of soil simulation units rationally
should be emphasized and enhanced in modeling of
regional biogeochemical cycles.
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