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Abstract: Southwest China, a global biodiversity hotspot, plays a vital role in carbon sequestration
and ecological restoration through its forest ecosystems. This study systematically evaluated changes
in carbon stocks and their driving factors in Pinus kesiya forests in southwestern Yunnan Province,
before and after the implementation of the Grain for Green Programme (GFGP) from 1999 to 2016.
The research combined remote sensing technology, geographic information systems (GIS), and field
surveys to achieve a comprehensive analysis. The results indicated that the GFGP significantly
increased both the area and carbon stocks of Pinus kesiya forests, adding 15.97 TgC to the carbon stock,
with an error margin of 4.84 TgC. This increase was primarily driven by the conversion of shrubland
and farmland. Forest age emerged as a key factor influencing carbon density, which increased
significantly at a rate of 4.24 Mg/ha per year. Furthermore, carbon stock distribution varied notably
across different slopes and elevations, with the greatest increases observed on slopes greater than 6°
and at elevations between 1000 and 1600 meters. This study innovatively integrated forest age data
into land use and cover change analyses, improving the accuracy of regional carbon stock estimates.
The findings highlight the GFGP’s effectiveness in promoting regional carbon sequestration and
enhancing ecosystem services. However, future policies should focus on planting mixed-species
forests to further enhance biodiversity. This research provides valuable scientific evidence for
optimizing ecological restoration policies and offers a reference for similar restoration projects
worldwide.

Keywords: Pinus kesiya; carbon stock; grain for green programme; forest age

1. Introduction

Forest ecosystems cover approximately 30% of the Earth’s land surface [1]. Global forest carbon
stocks, including live biomass, soil, dead wood, and litter, amount to about 861 + 66 petagrams (Pg),
representing 45% of carbon in terrestrial ecosystems [2,3]. Forest ecosystems act as vital carbon sinks
in terrestrial ecosystems, playing a key role in stabilizing the global carbon cycle [4]. Reforestation
and afforestation are two effective strategies for mitigating the impacts of climate change and
enhancing global carbon sequestration [5,6]. However, the potential of afforestation and reforestation
to significantly reduce greenhouse gases remains uncertain [7,8]. Accurately estimating the carbon
sequestration potential of afforestation and reforestation is essential. Estimating regional carbon
stocks remains highly uncertain. While afforestation and reforestation capture carbon dioxide and
store it in biomass and soil, deforestation and forest degradation—caused by land use changes and
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forest fires—are major sources of carbon emissions [9-11]. The complex interaction between
reforestation and deforestation creates significant uncertainty in estimating regional forest carbon
stocks. Currently, three main approaches are used to calculate these stocks [12].

(i) Field data on forest types and ages are used as model inputs to estimate carbon stocks at
national and regional scales [4,13].

(ii) Regional carbon stock is calculated by multiplying forest area by the average carbon density
of the forest types, as demonstrated by the Forest Identity Concept [14].

(if) Empirical field data and remote sensing data are combined at the pixel scale to estimate
carbon stocks from regional to global scales [15].

Although land use and land cover data are commonly used to assess regional carbon stocks,
studies have highlighted significant limitations in this approach [16]. The main limitation of this
approach is the frequent lack of forest age data [17]. Little research has focused on integrating forest
age data into land use and land cover maps to estimate regional carbon stocks. Launched in 1999,
China’s Grain for Green Programme (GFGP) is the world’s largest ecological restoration initiative
[18]. From 1999 to 2013, the program converted 9.27 million hectares of cultivated land with slopes
over 15 degrees into forest or grassland [19]. China’s Grain for Green Programme (GFGP) has greatly
reduced soil erosion and increased vegetation cover, while enhancing ecosystem services such as
carbon sequestration, flood control, sandstorm prevention, water retention, and food production [20].
However, the Grain for Green Programme (GFGP) has posed challenges to habitat quality,
particularly by planting non-native or monoculture tree species on former croplands. The impact of
these practices on carbon stocks in secondary forest regrowth remains largely unknown, highlighting
a significant knowledge gap in fully assessing the program’s ecological impact [21].Pinus kesiya, a key
species in warm coniferous forests, is widely distributed across the Indochina Peninsula, the
Philippines, northeastern India, and southern Yunnan Province, China [12,22,23]. Pinus kesiya was
widely planted in Yunnan Province under the GFGP for ecological and economic benefits, including
biodiversity protection, carbon sequestration, and water and soil conservation [24,25]. However,
Pinus kesiya forests face challenges such as low productivity, as well as threats from diseases and
pests, which reduce biomass production. In Puer, Yunnan Province, the average biomass production
of Pinus kesiya forests is only 51.06 Mg/ha/yr [26]. Some previous studies have used satellite images
to map the carbon density distribution of Pinus kesiya forest [27]. However, those studies focused on
improving algorithms, and their study areas were too small to represent the regional carbon stock of
Pinus kesiya forests. Research on the temporal and spatial changes in carbon stocks of Pinus kesiya
forests remains limited. South-western Yunnan is one of the main biodiversity hotspots in the world
[28], and the main distribution area of tropical flora and Pinus kesiya forest in China [29]. Therefore,
SW Yunnan is selected as the study area for the present analysis. The first phase of GFGP ran for 1999
to 2010 [24], Some farmland was also converted to forest between 2010 and 2015. In this study, we
used Landsat satellite data to map land use in southwest Yunnan for 1999, 2009, and 2016. These
maps were then used to evaluate changes in the carbon stock of planted Pinus kesiya forests during
the first phase of the GFGP (1999-2009) and the subsequent period (2009-2016). The study aimed to
estimate carbon stock accumulation in Pinus kesiya forests in southwest Yunnan under the GFGP. The
specific objectives were to:

(i) Map the distribution of Pinus kesiya forests since the implementation of the GFGP in 1999;

(if) Conduct a field survey to assess changes in carbon density of Pinus kesiya forests with
increasing age;

(iii) Combine forest age data of Pinus kesiya planted under the GFGP, inferred using GIS
technology, with forest distribution data to estimate carbon stock accumulation since the program’s
introduction.

This study utilizes GIS to overlay multi-temporal Landsat land-use maps, which allows us to
generate reforestation time-series data and reconstruct the spatial distribution of forest age. By
incorporating in-situ carbon density measurements, we develop a model that links forest age to
carbon density growth, quantifying the linear growth pattern of carbon density over time.
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Using Landsat imagery from TM/OLI sensors, we produce 30-meter resolution land-use maps
(Kappa coefficient > 0.84) to accurately monitor the expansion of Simao pine forests. We apply the
Teillet topographic correction method to eliminate interference from mountain shadows, and
integrate GDEMV2 data to investigate how slope and elevation jointly affect carbon storage.
Allometric growth equations for Simao pine components—trunk, branches, leaves, and roots—are
established using standard tree measurements, thus avoiding errors that may arise from using
parameters specific to other regions.

Importantly, we integrate forest age dynamics and spatial heterogeneity to create a “time-space-
attribute” 3D carbon storage estimation framework. This approach addresses the limitations of static
assumptions found in traditional methods, which often overlook the impact of forest age. Moreover,
it offers a reusable methodological paradigm for assessing carbon sinks in similar ecological projects,
such as the GFGP.

2. Material and Methods
2.1. Study Area

The study area is located in southwestern Yunnan Province, China (Figure 1), covering
coordinates from 21°08'N to 25°02'N and 98°40'E to 102°19'E. It includes 21 counties and three cities:
Lincang, Puer, and Xishuangbanna. The region borders Myanmar, Laos, and Vietnam to the south,
and is bounded to the north by the Ailao, Wuliang, and southern Nushan Mountains. The Lancang
River runs through the center, while the Amo River flows eastward into Vietnam, and the Nanding
River flows westward into Myanmar. The climate is influenced by the southwest monsoon from the
Indian Ocean, resulting in two distinct seasons: a rainy season (May-October) and a dry season
(November—April). The mean annual temperature ranges from 17.5°C to 22.9°C, and annual
precipitation varies from 620 mm to 1917 mm The region hosts three main vegetation ty. pes: tropical
rainforests at lower elevations in the south, subtropical evergreen broadleaf forests across the middle,
and warm-hot coniferous forests at higher elevations.
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Figure 1. Maps showing the location of the study area in south-west China and the distribution of sampling

plots.
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2.2. Mapping Pinus kesiya Forest

We acquired Landsat images and GDEMV?2 data with 30 m spatial resolution from the USGS
website (https://www.usgs.gov/). Landsat TM images from 1999 and 2009 were used to analyze forest
cover changes during the first phase of the GFGP, while a Landsat OLI image from 2016 was used to
assess changes after the first phase. A total of 10 Landsat image scenes were used for each period
(Table 1). Image preprocessing was conducted in ENVI 5.3 using the FLAASH module and Teillet
topographic correction to minimize atmospheric effects and topographic shadows. The images were
classified into six land use types: other forest, coniferous forest, shrubland, farmland, construction
land, and water, using the maximum likelihood classification algorithm. Field survey data and visual
interpretation were applied to evaluate the accuracy of the land use maps. In June 2016, 426 GPS
points of land use types were collected through field surveys. Additionally, we randomly generated
971, 849, and 756 points for visual interpretation in 1999, 2009, and 2016, respectively. The Kappa
coefficients for the land use maps were 0.84 (1999), 0.87 (2009), and 0.88 (2016), indicating high
classification accuracy.

Table 1. Path row numbers and sensors (TM/OLI) of the Landsat satellite in each selected year.

Path row 1999 2009 2016
129-44 ™ ™ OLI
129-45 ™ ™ OLI
130-43 ™ ™ OLI
130-44 ™ ™ OLI
130-45 ™ ™ OLI
131-43 ™ ™ OLI
131-44 ™ ™ OLI
131-45 ™ ™ OLI
132-43 ™ ™ OLI
132-44 ™ ™ OLI

2.3. Carbon Density of Pinus kesiya Forest

A total of 44 Pinus kesiya forest plots of varying ages were sampled in the cities of Puer and
Lincang. Each plot measured 20 m x 50 m. For each plot, geographical coordinates, elevation, slope,
aspect, forest age, and successional stage were recorded. Additionally, the diameter at breast height
(DBH) and species were measured for all trees with a DBH > 5 cm.

We applied a power function (Equation (1)) to calculate total biomass per plot and the biomass
of individual tree components, including stems, branches, leaves, and roots. To establish the power
function, we selected 17 standard Pinus kesiya trees of varying ages. The ages of these trees were
primarily obtained from statistics provided by the local forestry bureau, as well as through coring
methods that count tree rings. For each standard tree, the fresh weight of its components was
measured, portions of fresh components were weighed, and samples were taken to the laboratory to
determine dry weight. The fresh and dry weights were then used to calculate the tree component
biomass ratio as: [30,31]

W; = a; x Dbi 1)

where W is biomass, D is diameter at breast height, and a and b are scaling coefficients for tree
component i (Table 1).

We used the optimum regression model to estimate the tree component biomass of evergreen
broadleaf forest. For instance, studies have shown that the biomass of various components of Pinus
kesiya var. langbianensis can be effectively estimated using optimal regression models. These models

d0i:10.20944/preprints202505.0043.v1
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better capture the complexity of tree species across different ecological environments and growing
conditions [32].

In each tree plot, three shrub subplots (2 m x 2 m) and three herbage subplots (1 m x 1 m) were
randomly selected to estimate understory plant biomass. For each plant in the subplots, we recorded
species, plant count, height, and coverage. Using the destructive harvesting method, we collected
fresh weight samples of shrub components (branches, leaves, and roots) and herbaceous components
(aboveground and belowground parts). These samples were then transported to the laboratory for
biomass determination. In each sample plot, a litter subplot (1 m x 1 m) was randomly selected. All
litter in the subplot was weighed and transported to the laboratory for biomass determination.
Additionally, coarse woody debris (CWD) with a diameter > 5 cm and a length > 1 m was weighed
in the sample plots, and samples were taken to the laboratory for CWD biomass estimation. The
carbon content variation among different parts of trees is not significant, as detailed in Table 2. In the
plots in this study, the carbon content rates of stems was 0.52, branches 0.50, leaves 0.51, roots 0.53,
shrubs 0.50, herbage 0.50, litter 0.50, CWD 0.5, and broadleaf trees 0.45 [30]. The carbon density of
different components was calculated from the biomass of the component and its carbon content:

Ci = Wi X Ri (2)
where Ciis carbon density of tree component i, W is biomass of component i, and R is the carbon
content.
Table 2. Biomass model developed for Pinus kesiya.
Biomass component Biomass model Carbon conversion coefficient

Stem WS5=0.0808 D257 0.52
Branches WB=0.0007 D34663 0.50
Leaves WL=0.0015 D2504 0.51
Roots WR=0.0023 D30644 0.53

The carbon density of Pinus kesiya forest in each plot was calculated as: [33]

®)

Here, C represents the carbon stock in each Pinus kesiya forest sample plot, while Ci denotes the
carbon density of component ii within these plots, including stems, branches, leaves, roots, shrubs,
herbaceous plants, litter, coarse woody debris (CWD), and broadleaf trees.

2.4. Estimating Carbon Stock in Pinus kesiya Forest

The Forest Identity Concept is widely used to estimate regional carbon stock (M). It consists of
two independent variables, forest area (A) and carbon density (C):

M=AxC (4)

Because forest area and carbon density change over time, modified Equation (4) to: [4]

Llam 144, 19C v AM = C x A4, + A X AC, )
M dt A dt C dt

The change in forest carbon stock over time is then:
PoAM, = Cx Y AA + A X Y1 AC, (6)

Since the aim in this study was to estimate carbon stock accumulation after GFGP, only AAtand
AC:in the context of growth will lead to carbon stock accumulation. The distribution and area growth
change were estimated by land use maps, which were overlapped by land use/land cover maps in
different periods using ArcGIS10.3. The planted growth forest age range was then inferred from the
difference over time in land use layers. Therefore forest age range, area, and distribution were
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inferred by GIS technology. Carbon density values measured in the field survey were classified on
the basis of the forest age.

2.5. Correlation Between Carbon Stock and Topography

In order to analyze the impact of topographical factors on carbon stocks, slope and elevation
were selected as variables. Differences in slope and elevation at county level were analyzed by paired
T test (using R) for three periods (1999-2009, 2009-2016, and 1999-2016). The increase in carbon stock
at county scale was calculated from the increase in area of Pinus kesiya forest between two periods
and the carbon density. The slope and elevation in two periods were divided into five and seven
classes, respectively, based on the GDEMV2 data (30 m x 30 m). The slope (S) classes were: < 2° (S1),
2°-6°(52), 6° - 15° (53), 15° - 25° (S4), and > 25° (S5) (Sun et al. 2006). Because the elevation range 850
- 1850 m is best suited for Pinus kesiya forest growth (Wu et al. 1987), the elevation (E) classes were <
800 m (E1), 800 - 1000 m (E2), 1000 - 1200 m (E3), 1200 - 1400 m (E4), 1400 - 1600m (E5), 1600 - 1800 m
(E6), and 1800 - 2000 m (E7). We used forest age and carbon density to estimate the carbon stock for
the five slope classes and seven elevation classes at county level.

3. Results
3.1. Pinus kesiya Forest MAPPING

Pinus kesiya forest areas expanded following the implementation of the GFGP. The land use
transformation matrix (Table 3) indicates that shrubland and farmland were the primary land types
converted to forest. Between 1999 and 2009, shrubland was the predominant type transformed into
Pinus kesiya forests and other forest types, with increases of 3050.93 km? and 1742.12 km?, respectively.
From 2009 to 2016, both shrubland and farmland continued to be the main sources for conversion,
leading to an increase of 521.27 km? in Pinus kesiya forests and 2018.64 km? in other forests.

Forests established under the GFGP were primarily located in the mountainous regions of Puer
City, eastern Lincang City, and northern Xishuangbanna City. Pinus kesiya forests planted between
1999 and 2009 were situated east of the Lancang River, extending toward the Ailao Mountains. In
contrast, forests established from 2009 to 2016 were mainly concentrated in the central area, between
the Nushan and Ailao Mountains (Figure 2).

Table 3. Land-use transformation (km2) matrix for the period 1999 - 2009- 2016.

1999
1999-2009 Pinus kesiya Other forest Shrubland Farmland Construction land Water
Pinus kesiya 5515.21 2708.89 2158.91 662.31 2.03 4.20
Other forest 1299.43 2473479 474638  3458.61 12.09 53.33
2009 Shrubland 673.96 2547.54 495040  3407.16 15.40 5.61
Farmland 506.70 2442.33 6152.59  19482.85 148.67 72.55
Construction land ~ 3.81 99.33 111.99 726.44 136.17 18.40
Water 1.50 29.63 23.85 89.27 10.70 174.25
2009
2009-2016 Pinus kesiya Other forest Shrubland Farmland Construction land Water
Pinus kesiya 7417.54 2187.67 1007.49 990.69 9.79 1.36
Other forest 1745.18 26207.42  3742.85  4396.05 169.65 21.11
2016 Shrubland 1244.42 3443.72 4198.67  4922.32 96.24 4.82
Farmland 558.38 2182.25 2475.19  17265.03 456.38 49.59
Construction land ~ 82.98 218.04 141.99 970.02 333.22 11.80

Water 3.14 66.13 33.99 261.94 30.87 240.53
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Figure 2. Land-use change in the study area during the period.

3.2. Carbon Density at Different Forest Ages

The carbon density of Pinus kesiya forests increased significantly with advancing forest age (p <
0.01), at a rate of 4.24 Mg/ha/year. Both the tree and litter layers showed increasing trends in carbon
density, while the shrub layer (p = 0.0696) and herbage layer (p < 0.01) exhibited significant decreases
with forest age. The carbon density varied among different tree components. Stems accounted for
70.67% of the increase, contributing 2.99 Mg/ha/year out of a total of 4.06 Mg/ha/year (p < 0.01).
Branches and roots contributed 13.32% (0.51 Mg/ha/year) and 2.73% (0.55 Mg/ha/year), respectively
(p < 0.01). Leaves, which contributed 13.28% to the overall carbon density increase, showed no
significant relationship with forest age (p > 0.1; Figure 3).
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Figure 3. The correlation between total carbon density, tree carbon density, and the carbon density of various
Pinus kesiya forest components, including stems, branches, leaves, roots, shrubs, herbaceous plants, and litter,

with increasing forest age.

3.3. Carbon Stock Changes in Pinus kesiya Forest Planted Under GFGP

The area of Pinus kesiya forest increased by 3767.19 km? between 1999 and 2016, accumulating
an additional 15.97 + 4.84 TgC (Figure 4). From 1999 to 2009, 2878.79 km? of shrubland and farmland
were converted to Pinus kesiya forest, contributing 6.99 + 2.66 TgC to the carbon stock. From 2009 to
2016, 2031.63 km? of shrubland and farmland were converted, adding 4.45 + 1.94 TgC, along with an
additional 11.52 +2.90 TgC from the growth of 1735.57 km? of forests planted between 1999 and 2009.
As a result, Pinus kesiya forests accumulated 15.97 + 4.84 TgC between 2009 and 2016.Hotspots of
increased carbon density in Pinus kesiya forests were observed in Puer City, the mountainous areas
of Lincang City, and the northern part of Xishuangbanna City (Figure 5). The carbon stock
contribution of Pinus kesiya forests in Puer City was 76.01% during 1999-2009 and 77.74% during
2009-2016. For Lincang City, the contributions were 22.38% and 21.81%, respectively, while for
Xishuangbanna City, they were 1.61% and 0.45%. Therefore, Puer City was the largest contributor to
the increase in carbon stocks in Pinus kesiya forests in southwestern Yunnan.
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Figure 5. Carbon density distribution of Pinus kesiya forest in SW Yunnan from 1999 to 2016.

3.4. Carbon Stock Accumulation in Forest on Different Slope and Elevation Classes

The distribution of carbon stock accumulation varied between the different slope and elevation
classes. Carbon stock accumulation was much higher on slopes > 6° (classes S3 - S5) than on lower
slopes (Table 4), and was also greater for slopes of 15 - 25° (class 54) than slopes 6 - 15° and > 25°
(Figure 6). The carbon stock accumulation was also higher at elevation from 1000 to 1600 m (classes
E3 - E5) than at other elevations (5), and was also greater at elevation 1200 - 1400 m (class E4) than at
1000 - 1200 m and > 1400 m (Figure 6).
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Table 4. Results of paired T test for carbon stock accumulation in different slope classes (S1-S5) in the periods

studied.
1999-2009 2009-2016 1999-2016
Slope class P value P value P value

S1-52 - 0.0072 ** - 0.0082 ** -0.0123 *
S1-53 - 0.0051 ** - 0.0037 ** - 0.0088 **
S1-54 - 0.0033 ** - 0.0019 ** - 0.0065 **
S1-S5 - 0.0006 *** - 0.0005 *** - 0.0024 **
52-53 - 0.0049 ** - 0.0032 ** - 0.0084 **
52-54 - 0.0032 ** - 0.0018 ** - 0.0063 **
52-55 - 0.0005 *** - 0.0004 *** - 0.0019 **
S3-54 - 0.0034 ** - 0.0034 ** - 0.0070 **
53-S5 +0.2342 n.s. +0.0746 n.s. +0.0871 n.s.
54 -55 +0.0175* +0.0067 ** +0.0153 *

*#* = <0.001, **=<0.01, * =<0.05, n.s. = not significant.
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Figure 6. Percentage change in carbon stock accumulation in different slope and elevation classes in the periods
studied.

If the area of planted growth Pinus kesiya forest remained unchanged after 2016, under this
assumption the carbon stock in planted Pinus kesiya forests would increase to 23.5 + 9.14 Tg in 2024
and 33.86 + 11.25 Tg in 2032 (Figure 7). This means that the carbon storage in Pinus kesiya forests
planted within GFGP will peak in 2034-2049. Therefore, the amount of carbon sequestered will be
higher than the amounts estimated without considering forest age after GFGP. With increasing forest
age and carbon density, there will be more carbon stocks in Pinus kesiya forest in the future.
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Figure 7. Carbon stock (Tg) in Pinus kesiya forest, calculated using our STG method, which uses spatial-temporal
data and GIS to infer forest age and distribution, and using Forest Identity Concept (FIC).

4. Discussion
4.1. Impact of GFGP on Regional Carbon Stocks

This analysis revealed that the implementation of the Grain for Green Programme (GFGP) in
southwestern Yunnan, China, resulted in a significant increase in carbon stocks within Pinus kesiya
forests, amounting to 15.97 + 4.84 Tg by 2016. Within the GFGP framework, a substantial portion of
shrubland (42.78%) and farmland (24.50%) were successfully converted into forest areas, including
Pinus kesiya and other forest types. The Pinus kesiya forests were able to store more carbon than the
former shrubland and farmlands, which were the main land uses targeted by GFGP. Therefore,
converting areas of farmland or shrubland to forest within GFGP increased regional carbon stocks
[34]. An additional target of GFGP was to convert farmland on slopes > 25° to forest or grassland [19].
We found that 63.97% of Pinus kesiya forests planted during 1999 to 2016 were distributed on slopes
from 15° to more than 25°. Conversion of sloping farmland and shrubland to forest, increased forest
area, and development of forest community structures not only improved carbon stocks in sloping
areas, but also enhanced other ecosystem services, like reduced soil erodibility [35]. However, in 2016
37.88% and 18.55% of farmland in the study region was still distributed on land with slope 15 - 25°
and > 25° respectively, indicating greater potential for future GFGP. Although our results showed
increased forest cover and increased regional carbon stocks, as also reported on national level for the
whole of China under GFGP [20], we did not assess the quality of ecosystem services that this forest
cover provides. Previous studies have found that fast-growing commercial species were mainly
planted within GFGP and that these have lower biodiversity than natural or native forests, or even
mixed species forests [18,21,36]. Mature Pinus kesiya forests are reported to host 27 different tree
species and have a Simpson diversity index value of 0.53. In contrast, the monsoon evergreen broad-
leaf forests, which are the primary vegetation in areas where Pinus kesiya forests are found, report
higher values of 35 tree species and 0.85 for the Simpson index. Given the lower number of tree
species and the lower Simpson index observed in Pinus kesiya forests, we recommend that future
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ecosystem services programs consider planting mixed-species forests with 2 to 5 dominant species.
Such an approach could foster higher biodiversity compared to single-species forests [37].

4.2. Impact of Forest Age on Carbon Density and Implications of Forest Management

Forest age is an important factor for vegetation carbon stocks [38], with carbon stock
accumulation increasing with forest age in all biomes [39]. We found that the carbon density of Pinus
kesiya forest increased with forest age from 2 to 29 years, which is consistent with findings by Li [40].
We did not find any evidence that carbon density in Pinus kesiya forests peaked by 29 years,
contradicting findings by Chen [41] that it peaks at between 20 and 50 years. Therefore, we estimated
the carbon stocks in 2024 and 2032 based on the assumption that the carbon stock accumulation
capacity of Pinus kesiya forest would reach a peak at 35 - 50 years.

Effective forest management could help store more carbon and also help improve other
ecosystem services [42,43]. An eight - fold difference in carbon stocks between Pinus forests under
different management regimes has been reported [44]. Our results indicate that the area of Pinus
kesiya forests in southwestern Yunnan expanded by 2878.79 km? during the Grain for Green
Programme (GFGP) period from 1999 to 2009, contributing an additional 6.99 + 2.66 Tg of carbon
stocks. Considering that carbon stock increases with forest age and growth, and that 60.29% of Pinus
kesiya forests planted during 1999 to 2009 continued to grow until 2016, these forests contributed
72.13% to the carbon stock accumulation during the overall period from 1999 to 2016.

Even more carbon can be stored in the future under GFGP if the planted forests are properly
managed. However, there might be other factors influencing the carbon stock in managed Pinus kesiya
forest, e.g., it is an important commercial species contributing to the household income of local
farmers, who collect timber, graze their animals in the forest, and tap the trees for resin [45].
Therefore, effective forest management can not only improve local ecosystem services, but also has
great potential to increase local household income.

4.3. Factors Affecting Carbon Density

The carbon density of Pinus kesiya forest in the study area was lower than reported in other
countries (Figure 7). For example, the carbon density of average, young (< 20 years), and mature (>
40 years) forest in the study area was lower than in the Philippines, India, and Thailand, respectively
[8,37,45,46]. Wang showed that warm, moist tropical forests have higher biomass [47]. Thailand and
the Philippines has a similar climate, but with higher temperatures and precipitation compared to
India and Yunnan Province. Specifically, the study area in India receives 2400 mm of precipitation
annually, which is significantly higher than the 800 to 1600 mm range in Yunnan. Therefore, these
climate conditions may contribute to the lower carbon density observed in Pinus kesiya forests in the
study area compared to other countries. In addition, the Pinus kesiya in Yunnan province is used for
timber and resin, so the Pinus kesiya forests are widely distributed [30], which could be another reason
for the lower carbon density.

Elevation significantly influences the distribution of Pinus kesiya forests. In our study area, these
forests are predominantly found at higher elevations, ranging from 1000 to 1600 meters, which is
above the species’ optimal elevation range of 850 to 1850 meters, since available sites at lower
elevation are usually planted with commercial trees, e.g., rubber plantations [17,25].

Assessment of carbon stock models and uncertainly in estimates

We overlapped land use maps to infer forest ages and distributions of planted Pinus kesiya forests
through GFGP, and our method added forest age information to carbon stock estimates. As shown
in Figure 7, compared with the Forest Identity Concept, our method predicted 12.17% (23.5 + 9.14
TgC) lower carbon stocks in 2024 and 26.53% higher stocks (33.86+11.25 TgC) in 2032. This indicates
that previous carbon stock models like Forest Identity Concept which do not consider forest age may
overestimate the carbon stock in Pinus kesiya forests younger than 20 years, and underestimate that
in carbon stock Pinus kesiya forests older than 20 years. Therefore, to increase the accuracy of carbon
stock estimation, we recommend including forest age in carbon stock models. However, it is difficult
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to calculate or infer forest age by remote sensing, since the first Earth observation satellite was only
launched in 1972 [48]. In the future, remote sensing images can be used to reconstruct younger forest
ages and distributions at pixel level. Forest inventory data have great potential to reconstruct the age
of old forests [49], which combined with the remote sensing data can capture changes in long-term
regional carbon stocks.

Several uncertainties arose when estimating carbon stocks of Pinus kesiya forest in this study.
First, the carbon density of Pinus kesiya forest varies even in forest of the same age [50,51], possibly
owing to canopy density, species composition, stand attributes, forest management, and human
activities (Figure 3). For example, we found that human activities affected 75% of Pinus kesiya
community structures in 44 sample plots, mainly due to tapping resin and timber collection for
livelihood reasons. However, we did not include the carbon losses caused by human activities and
other factors. which adds uncertainty in estimating forest density [52]. Therefore, we estimated the
carbon stock using the average carbon density of the Pinus kesiya forest in two periods. Second, there
was some uncertainty in mapping Pinus kesiya forests. The commission error rate for Pinus kesiya
forests was 0.1979, 0.1739, and 0.1 in 1999, 2009, and 2016, respectively, while the omission error rate
was 0.0722, 0.0828, and 0.1189 in 1999, 2009, and 2016, respectively. Higher commission than omission
error means that more areas of other land use types were wrongly classified as Pinus kesiya forests,
thus inflating the actual area of these forests in 1999 and 2009. However, the Kappa accuracy was
0.84, 0.87, and 0.88 in 1999, 2009, and 2016, respectively, reducing the error and decreasing the
uncertainty in carbon stock estimation.

5. Conclusions

Carbon stock accumulation in Pinus kesiya forest in SW Yunnan, China, during and after GFGP
was estimated using remote sensing-derived land use maps, combined with GIS information to
derive forest age and distribution. The results suggested that implementation of GFGP increased the
area and carbon stocks of Pinus kesiya forest in the region. The carbon stocks may continue to increase
in GFGP is extended in future, since large areas with slope >15° are still under farmland. The carbon
stock is also expected to increase with increasing forest age. Our method of combining remote sensing
methods and GIS-based spatial analysis to derive forest distribution, age, and area should lead to
higher accuracy in estimation of carbon stocks. However, the carbon density of Pinus kesiya forest in
SW Yunnan is lower than in other countries, possibly due to regional climate conditions and human
activities.
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