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Abstract: As the largest carbon pool on Earth, forest ecosystems are essential to maintaining carbon sink 

balance. However, accurately estimating the carbon sequestration and carbon storage of forest resources 

remains an urgent issue to address. Plot investigation, model estimation, and machine learning are examples 

of current approaches. Nevertheless, because of variables such as regional characteristics and plot size, large-

scale and extensive region estimates are comparatively scarce. This study, which focuses on Tianzhu County, 

aims to comprehensively analyze and estimate the Net Primary Productivity (NPP), carbon storage, and carbon 

density of the forest ecosystem in this area by integrating data from forest resource inventory and the CASA 

model. The main conclusions are as follows: (1) The main vegetation types in Tianzhu County include 

coniferous forests, broad-leaved forests, mixed forests, and shrub forests; (2) Accordin g to the CASA model 

calculations, the annual cumulative NPP in Tianzhu County in 2020 ranges from a maximum of 249.63 gC/m² 

to a minimum of 3.40 gC/m², with the forest NPP amounting to 134,674.65 tons of carbon. Based on MODIS 

observation data, the forest’s NPP is 171,728.32 tons of carbon, with a maximum of 325.36 gC/m² and a 

minimum of 0.02 gC/m²; (3) At the pixel scale, the carbon storage of forests in Tianzhu County is 361,700 tons. 

Specifically, 46,500 tons of carbon are stored in coniferous forests, 1,100 tons in broad-leaved forests, 500 tons 

in mixed forests, and 313,600 tons in shrub forests. 

Keywords: Tianzhu county; CASA model; NPP; forest carbon storage; carbon density 

 

1. Introduction 

Forest ecosystems, as one of the most critical ecosystems on Earth, are essential to the 

preservation of biodiversity, soil protection, water conservation, and the global carbon cycle[1]. Net 

Primary Productivity (NPP) is a crucial indicator for assessing the functionality of forest ecosystems, 

directly reflecting the efficiency of vegetation in converting solar energy and the rate of biomass 

accumulation[2]. Furthermore, forest carbon storage and carbon density are significant ecological 

indicators, directly tied to the capacity of carbon sinks and the reduction of carbon emissions. Thus, 

in order to assess the health of ecosystems and develop efficient policies for ecological protection and 

carbon reduction, it is crucial to accurately estimate and analyze the NPP, carbon storage, and carbon 

density of forest ecosystems[3]. 

Tianzhu County, as a model for typical forest ecosystems in Northwest China, has rich forest 

resources but is also affected by climate change and human activities. Therefore, for the purpose of 

maximizing the management of forest resources and safeguarding the ecological environment, in-

depth research on the Net Primary Productivity (NPP), carbon storage, and carbon density of the 
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forest ecosystem in this area is of great significance[4]. This study aims to conduct an in-depth 

analysis of the NPP, carbon storage, and carbon density of Tianzhu County’s forest ecosystem by 

thoroughly applying the CASA model and the plant mortality model, offering a scientific foundation 

for forest resource management and ecological protection in the area [5]. 

2. Materials and Methods 

2.1. Overview of the Research Area 

Tianzhu Tibetan Autonomous County is situated at the eastern end of the Hexi Corridor, 

forming part of the northeastern edge of the Qinghai-Tibet Plateau. The geographical coordinates of 

the county range from 102°07′to 103°46′ E longitude and from 36°31′ to 37°55′ N latitude. Tianzhu 

County borders Jingtai County to the east, Yongdeng County to the south, Liangzhou District of 

Wuwei City and Gulang County to the north, Subei Mongol Autonomous County to the northwest, 

and Menyuan, Huzhu, and Ledu Counties of Qinghai Province to the west[6]. The county covers a a 

total area of 7,150 square kilometers, spanning 142.6 kilometers from east to west and 158.4 kilometers 

from north to south. The terrain of Tianzhu County is characterized by higher elevations in the 

northwest and lower elevations in the southeast, with altitudes ranging from 1,956 meters to 4,817 

meters above sea level. The landscape is predominantly mountainous, with the Wushaoling 

Mountain running through the county from west to east[7]. 

Tianzhu County is home to 37 tree species across 15 families and 22 genera. Natural arboreal 

forests and shrublands are the main types of vegetation. The main tree species are Qinghai spruce, 

aspen, white birch, Qilian juniper, with smaller populations of slender-leaved spruce, Chinese pine, 

and Chinese arborvitae. The shrub species include rhododendron, barberry, mountain willow, alpine 

willow, and yellow willow. Natural arboreal forests are most found on the northern slopes and semi-

shaded slopes of mountainous areas such as Shama, Haxi, and Qilian north of the Wushaoling-

Maomaoshan range, and on the southern ridges of Sairalong, Saishis, Tanshanling, Tiantang, and 

Shimen[8]. Coniferous forests, mostly Qinghai spruce, with scattered populations of juniper, aspen, 

and birch predominate in the area north of Wushaoling. South of Wushaoling, mixed forests 

dominate, with main species including Qinghai spruce, slender-leaved spruce, aspen, red birch, and 

white birch, along with Chinese pine and juniper[7]. Natural shrublands mainly grow on the humid, 

shaded, and semi-shaded slopes of high mountains. These are primarily found south of Wushaoling, 

in areas such as Tuchenggou, Ma’ya Snow Mountain, Zhuaxixiulongtan, and north of the ridges, 

including Maomaoshan, Wushaoling, and the northern slopes of Leigong Mountain extending to the 

East-West Taizi area[8]. 
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Figure 1. Elevation Map of the Research Area. 

2.2. Data Acquisition and Pre-Processing 

1. Digital Elevation Model (DEM): The data overview map of the research area is made using data 

from the ASTER GDEM 30m product available on the Geospatial Data Cloud 

(http://www.gscloud.cn)[9]; 

2. Monthly total precipitation and average temperature are sourced from the National Tibetan 

Plateau Data Center (https://data.tpdc.ac.cn). The data has a resolution of 1 km and is stored in 

nc file format[10,11]; 

3. Monthly NDVI for 2020 is sourced from the National Tibetan Plateau Data Center 

(https://data.tpdc.ac.cn). The data has a spatial resolution of 250 meters and is synthesized using 

the monthly maximum value composite method based on the 16-day composite monthly 

products provided by the MOD13Q1 product of the Aqua/Terra-MODIS satellite sensor[12]; 

4. Monthly total solar radiation data is sourced from the single-level ERA5 hourly data from 1940 

to the present provided by Copernicus Climate Change Service of European Space Agency 

(https://cds.climate.copernicus.eu/). The data is stored in GRIB file format and has a resolution 

of 0.1° × 0.1°[13]; 

5. The MODIS17A13v061 product is sourced from the MODIS/Terra Gross Primary Productivity 

8-Day L4 Global 500m SIN Raster V061. This data was distributed by the NASA’ s Earth 

Observing System Data and Information System (NASA EOSDIS) in 2021[14]. 

6. Forest resource data is sourced from the Management Center of Gansu Qilian Mountain 

National Nature Reserve; 

It is necessary to clarify that the data from the forest resource survey is not available on the 

internet for public use because it is classified as land resources survey data. Discussions and the 

corresponding usage permissions, however, were obtained with the Zhangye branch of the 

Management Center of Gansu Qilian Mountain National Nature Reserve during the early phases of 

data collection and processing for this paper. 

Table 1. Data Resources. 

Data Name 
Data 

Type 
Format Data Resource 

DEM Raster Tif(30m×30m） 
Geospatial Data 

Cloud（http://www.gscloud.cn） 

Monthly 

Average 

Temperature 

Monthly Total 

Precipitation  

Raster nc(1km×1km） 
National Tibetan Plateau Data Center 

（https://data.tpdc.ac.cn） 

NDVI Raster nc(250m×250m) 
National Tibetan Plateau Data 

Center（https://data.tpdc.ac.cn） 

Monthly Total 

Solar Radiation 
Raster GRIB(0.1°×0.1°) 

Copernicus Climate Change Service of 

European Space Agency 

（https://cds.climate.copernicus.eu/) 

 

MODIS17A Raster hdr 

NASA’s Earth Observing System Data and 

Information System 

(https://lpdaac.usgs.gov/) 

Forest Resource 

Inventory 
Vector Shp 

Zhangye Branch of the Gansu Administration 

Bureau, Qilian Mountain National Park 

The NPP simulation plugin[17], which is based on the IDL language on the ENVI platform and 

was developed by Professor Zhu Wenquan of Beijing Normal University and released on the website 
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of the school[15,16], will be used in this study. ArcGIS 10.2 [16] will be used to read raster files and 

perform operations such as mask extraction and resampling. The net solar radiation data GRIB files 

from ERA5 will be interpreted hourly using QGIS 3.36.0 [18]. These hourly data will be aggregated 

to create monthly data to meet calculation requirements, and then converted to DAT files. R 4.3.3 

[19], utilizing the Raster [20], Sf [21], and rgdal [22] packages, will be used to read the nc files 

containing monthly total precipitation and average temperature data. To make room for storage, 

these files will be converted to 12-band TIFF files. Resampling the data and preparing previously 

processed reference files for clipping are two steps in this process. Eventually, DAT files containing 

the data will be output for computations.The NDVI data has already been preprocessed by 

researchers in the country, so the only operations that will be carried out to align it with the other 

data are mask extraction and resampling, without further elaboration. Finally, all the aforementioned 

raster and vector data will employ the WGS1984 UTM Zone 49N coordinate reference system, with 

a spatial resolution of 30m×30m. The results obtained are shown in Figures 2-5. Data will be analyzed 

using Python 3.12 [23], PyCharm Community Edition 2024.1.1 [24], Anaconda Navigator [25], and 

Microsoft Excel 2021 [26] for summation and statistical computations. The results will be compiled, 

and the paper will be written in Microsoft Word 2021 [27]. 

The data is used as the input parameter for the CASA model to calculate the NPP value after 

being unified and normalized, thereby providing data assurance for the calculation of carbon storage 

and carbon density. 

 

Figure 2. Monthly Total Precipitation in Tianzhu County in 2020. 
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Figure 3. Monthly Average Temperature in Tianzhu County in 2020. 

 

Figure 4. Monthly Total Net Solar Radiation in Tianzhu County in 2020. 
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Figure 5. Monthly NDVI Values in Tianzhu County in 2020. 

2.3. Research Method 

2.3.1. Classification of Forest Vegetation 

Land use and cover data, which is frequently acquired through remote sensing, has been the 

main source of data for previous research on forest carbon storage and carbon density[28]. However, 

the impact of tree crown width, canopy cover, and diameter at breast height on forest shrubbery must 

be taken into account in order to calculate forest carbon storage accurately. This study intends to use 

data from the forest resource inventory to avoid the overshadowing effect of tree forests on 

shrubbery. Land use will be the priority conversion field when rasterizing vector data. The priority 

field will be used to convert the vector to raster, which will produce the area and distribution of forest 

resources in Tianzhu County. Forestland will be classified accordingly (as shown in Table 2). No 

discussion of cultivated land, grassland, water bodies, construction land, or unused land will be 

included as this study only focuses on forests. 

Table 2. Distribution of Vegetation Types. 

Primary Classification 
Secondary 

Classification 
Third-level Classification 

Forestland 

Arboreal Forest 

Coniferous Forest 

Broad-leaved Forest 

Mixed Forest 

Shrub Forest 
Dominant Shrub 

Other Shrubs 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 June 2024                   doi:10.20944/preprints202406.0691.v1

https://doi.org/10.20944/preprints202406.0691.v1


 7 

 

 

Figure 6. Forest Distribution Map of Tianzhu County. 

According to data from the forest resource inventory, the total area of forest land in Tianzhu 

County is 25,606.325 km². Among them: Coniferous forests make up 20.69% of Tianzhu County’s 

total forest area, covering an area of about 5,298.346 km², mainly consisting of dominant tree species 

such as Qinghai spruce, larch, and Qilian juniper; Broad-leaved forests make up 2.78% of the total 

forest area, covering an area of about 761.232 km², mainly consisting of species such as poplar and 

birch; Mixed forests, including both coniferous and broadleaved species, make up 2.34% of the total 

forest area, covering an area of 598.133 km². Shrub forests dominated by species such as willow and 

barberry make up 74% of the total forest area, covering a total area of 18,948.614 km². Additionally, 

the county contains a few small areas planted with economic crops like Sichuan pepper trees. They 

are included in the calculation under mixed forests due to their limited extent and negligible impact 

on the results. 

 

Figure 7. Distribution of Different Types of Forest Land in Tianzhu County. 
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2.3.2. CASA Model 

The CASA (Carnegie Ames Stanford Approach) model is first proposed by American scholar 

Potter in 1993. This model is a photosynthetic efficiency process model based on the physiological 

properties of vegetation. It calculates vegetation Net Primary Productivity (NPP) based on the 

Absorbed Photosynthetically Active Radiation (APAR) and the light use efficiency (ε) of different 

types of vegetation. The formula of the model is as follows[29–32]: 

𝑁𝑃𝑃(𝑥, 𝑡) = 𝐴𝑃𝐴𝑅(𝑥, 𝑡) × 𝜀(𝑥, 𝑡) (1) 

In the equation: “t” refers to the time period during which vegetation undergoes photosynthesis; 

“x” refers to the spatial location of the vegetation. 

The amount of Absorbed Photosynthetically Active Radiation (APAR) that vegetation can use is 

determined by both the total solar radiation and the absorption ratio of different vegetation types to 

solar radiation[33]. The relationship is expressed by the following formula: 

APAR(𝑥, 𝑡) = SOL(𝑥, 𝑡) × 𝐹PAR(𝑥, 𝑡) × 0.5 (2) 

In the equation: “SOL(𝑥, 𝑡)” refers to the total solar radiation at location x during month t (MJ · 

𝑚−2); 

“FPAR(𝑥, 𝑡)” refers to the proportion of incident photosynthetically active radiation absorbed 

by the vegetation; 

“0.5” is a fixed coefficient (representing the actual proportion of usable solar radiation by 

vegetation). 

Under actual circumstances, the absorption and utilization of solar radiation by vegetation are 

determined by the type of vegetation cover. Normalized Difference Vegetation Index (NDVI) can be 

used in practical studies to calculate the proportion of incident Photosynthetically Active Radiation 

(FPAR) and vegetation cover. The formulas are as follows[34]: 

𝐹𝑃𝐴𝑅(𝑥, 𝑡) = [
S𝑅(𝑥,𝑡)−𝑆𝑅𝑖,𝑚𝑖𝑛

S𝑅𝑖,𝑚𝑎𝑥−𝑆𝑅𝑖,𝑚𝑖𝑛
, 0.95]  ×  (FPARmax −  FPARmin )  +  FPARmin (3) 

In the equation: “𝐹𝑃𝐴𝑅(𝑥, 𝑡)” refers to the effective absorption ratio of Photosynthetically Active 

Radiation by vegetation at position x at the moment t; 

“FPAR𝑚𝑎𝑥 and FPAR𝑚𝑖𝑛” refers to fixed parameters of the model (independent of vegetation 

type). 

In practical research, parameters such as 0.95 and 0.001 can be set based on previous studies. 

“SR𝑖,𝑚𝑎𝑥” and “SR𝑖,𝑚𝑖𝑛” here represent the 95th and 5th percentiles of the NDVI for the 𝑖-th 

vegetation type respectively. This NDVI ratio is a vegetation index obtained from remote sensing 

data. The vegetation index SR can be calculated by the following formula: 

𝑆𝑅(𝑥, 𝑡) = [
1+𝑁𝐷𝑉𝐼(𝑥,𝑡)

1−𝑁𝐷𝑉𝐼(𝑥,𝑡）
] (4) 

The efficiency of solar energy utilization, ε, is calculated by dividing the chemical energy 

contained in the dry matter produced by vegetation per unit area during a certain period by the 

Photosynthetically Active Radiation energy projected onto that area during the same period. 

Environmental elements such as temperature, soil moisture content, and atmospheric water vapor 

pressure differential affect the photosynthetic efficiency of vegetation in ecosystems. The degree of 

net productivity of vegetation is also influenced by the interaction of these factors. Potter et al. suggest 

that, in ideal circumstances, vegetation can maximize its use of solar energy. However, in reality, the 

actual solar energy utilization of various vegetation types depends on specific environmental factors 

in which the vegetation grows[29]. The formula for calculating solar energy utilization is as follows: 

𝜀(𝑥, 𝑡) = 𝑇𝜀1(𝑥, 𝑡) × 𝑇𝜀2(𝑥, 𝑡) × 𝑊𝜀 (𝑥, 𝑡) × 𝜀𝑚𝑎𝑥 (5) 

In the equation: “𝑇𝜀1(𝑥, 𝑡)” refers to vegetation at position x at the moment t experiences low 

temperatures; 

“𝑇𝜀2(𝑥, 𝑡)” refers to the temperature stress experienced by vegetation in a high-temperature 

environment; 
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“𝑊𝜀 (𝑥, 𝑡)” refers to the coefficient representing the influence of water stress on vegetation at 

position x at the moment t; 

“𝜀𝑚𝑎𝑥” refers to the maximum light energy utilization achievable by different types of 

vegetation under ideal environmental conditions. 

This study determined the rates at which various vegetation types utilized light energy through 

literature review, as shown in Table 3[15]. 

Table 3. Light Energy Utilization Rates of Different Vegetation. 

Code Forest Type NDVImax NDVImin SRmax SRmin Emax 

1 Coniferous forest 0.665 0.023 4.993212 1.05 0.437 

2 Broad-leaved Forest 0.680 0.023 5.265886 1.05 0.839 

3 Mixed Forest 0.672 0.023 5.131049 1.05 0.638 

4 Shrub Forest 0.639 0.023 4.540166 1.05 0.429 

3. Pixel-Scale Calculation of NPP, Carbon Density, and Carbon Storage 

3.1. Calculation of NPP with CASA Model 

Vegetation net primary productivity (NPP) plays a crucial role in assessing global climate 

change, carbon balance, and vegetation’s ability to fix carbon. NPP is essential to studying the 

transformation of materials and energy in ecosystems since it is a key indicator of biomass change. It 

also forms the basis for studying the material and energy conversion in ecosystems [35–37], directly 

reflecting the natural conditions of vegetation productivity[36], and therefore, compared to biomass, 

it can more accurately represent the dynamic changes in vegetation’s carbon fixation 

capacity[38].Tianzhu Tibetan Autonomous County is the subject of this study. To estimate the forest 

net primary productivity in Tianzhu County, we use the CASA model and input long-term series 

parameters such as monthly average temperature, monthly total precipitation, monthly total net solar 

radiation, and NDVI. The NASA-released MODIS17A dataset (GPP/NPP) is compared to the CASA 

model at the pixel scale in order to ensure the objectivity of the results. To do pixel-scale calculation 

of NPP, the data will be reclassified into 20 categories using the natural breaks classification method 

in ArcGIS10.2. 

 

Figure 8. Pixel-Scale Distribution Proportion of NPP. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 June 2024                   doi:10.20944/preprints202406.0691.v1

https://doi.org/10.20944/preprints202406.0691.v1


 10 

 

 

Figure 9. Pixel Statistics Results. 

The annual cumulative NPP for Tianzhu County in 2020 was computed using the CASA model. 

The results show that in 2020, Tianzhu County had annual cumulative net primary productivity 

(NPP) ranging from 249.63 gC/m² to 3.40 gC/m² in 2020, with a total of 134,674.65 tons of carbon 

produced by the forest. The highest NPP of these was found in shrub forests, which accounted for 

85.34% of the county’s total forest NPP with 114,925.93 tons of carbon. Following with 18,590.86 tons 

of carbon, or 13.80%, were coniferous forests. Because of their smaller distribution area, broad-leaved 

forests accounted for 0.57% of total tons, or 765.41 tons. With a total area of 392.44 tons, mixed forests 

accounted for the smallest percentage of the county’s total forest NPP. 

By clipping and extracting of the MODIS17A data, it was discovered that in 2020, the annual 

cumulative NPP for Tianzhu County ranged from a maximum of 325.36 gC/m² to a minimum of 0.02 

gC/m². The highest values were mostly concentrated in coniferous forests, followed by shrub forests. 

Compared to the results from the CASA model, the maximum value was roughly 75.73 gC/m² higher. 

The forest net primary productivity totaled 171,728.32 tons of carbon. Among these, broad-leaved 

forests had the highest NPP, totaling 94,737.11 tons of carbon, accounting for 55.17% of the county’s 

total forest NPP. Coniferous forests followed with 45,488.07 tons of carbon, accounting for 26.47%. 

Mixed forests totaled 6,212.94 tons, accounting for 3.62%. Shrub forests totaled 25,290.20 tons, 

accounting for 14.73%. 

Figure 10 shows that the NPP values calculated using the CASA model primarily fall into the 

following ranges: 67.13 gC/m² to 75.82 gC/m², 75.82 gC/m² to 83.55 gC/m², 83.55 gC/m² to 89.35 gC/m², 

89.35 gC/m² to 95.13 gC/m², 95.13 gC/m² to 102.86 gC/m², and 102.86 gC/m² to 111.55 gC/m². 

Observational data from MODIS, on the other hand, shows that the NPP values are more evenly 

distributed, with the highest values ranging between 43.18 gC/m² and 44.72 gC/m². The disparity 

arises primarily because the MOD17A dataset comes from the BIOME-BGC model, which uses Terra 

satellite observations for surface reflectance, surface temperature, and vegetation indices[39]. To 

estimate NPP, this model simulates the photosynthesis process of vegetation by considering variables 

like light absorption, photosynthesis rate, and stomatal conductance. It also makes adjustments for 

regional climate conditions, soil types, and vegetation types. Conversely, the CASA model is an 

ecosystem process-based model that uses more intricate ecological theories and mathematical 

equations to simulate vegetation growth and photosynthesis. The CASA model might incorporate 

more ecosystem processes and regional characteristics compared to the MODIS17A dataset, which 

focuses on using remote sensing data for global ecosystem monitoring and estimation. To ensure 

more precise results, this study estimated the amount of forest carbon storage in Tianzhu County 

using data from the forest resource inventory without relying on land cover data. Consequently, 

compared to MODIS observational data, the CASA model is relatively better at accurately reflecting 
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the NPP values of Tianzhu’s forests. As a result, the carbon density and storage estimates are more 

accurate. 

 

Figure 10. Comparison of NPP between the CASA Model and MODIS Observations. 

 

Figure 11. NPP of Different Vegetation Types and Their Proportion of Forest NPP. 

According to the NPP estimation results from January to December 2020, the overall trend of the 

NPP in Tianzhu County was first rising and then declining. In January, the average NPP was 

relatively low at 17.9 gC/m². The NPP displayed a dispersed distribution in terms of geography. 

High-value areas were mostly found in some mixed forest regions, while extremely low NPP values 

were found in coniferous forests, broad-leaved forests, and shrub forests. Based on the 2020 data, the 

NPP in Tianzhu County peaked in July at an average of 191.17 gC/m². Shrub forests had a more 

uniform NPP distribution with a dispersed spatial pattern than high-value NPP areas, which were 

mixed forests. The average NPP in June was 167.33 gC/m², showing a distinct upward trend from 

January to June based on the temporal and spatial variations in NPP. The highest annual value was 

in July, at 191.17 gC/m². From January to July, the monthly average NPP changed at a rate of 25.60 

gC/(m²· month). However, from August to December, NPP showed a notable downward trend, with 

the average falling to 1.2 gC/m² in December, which was lower than the average NPP in January. In 

August through December, the monthly average NPP changed at a rate of -39.19 gC/(m²·month). 

After August, there was a corresponding drop in vegetation productivity levels as precipitation and 

temperature started to decline. 
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Figure 12. Monthly Forest NPP in Tianzhu County from January to December 2020 (30m). 

 

Figure 13. Monthly Average Forest NPP in Tianzhu County from January to December 2020. 

3.2. Estimation of Carbon Storage and Carbon Density 

By creating a plant decay model, the estimation of forest carbon storage and carbon density in 

Tianzhu County was conducted based on the estimation of NPP at a 30m resolution. The calculations 

are as follows[34]: 

𝐵𝐷𝑖 = 𝑁𝑃𝑃 × 0.565 (6) 

𝐶𝑖 = 𝐵𝐷𝑖 × 𝐴𝑖 × 𝐶𝐹𝑖 (7) 

In the equation: “𝐷𝑖” refers to biomass density of forest vegetation type (t/hm²) 

“𝐶𝑖” refers to forest carbon storage of vegetation type 

“𝐵𝐴𝑖” refers to forest area of vegetation type 

“𝐶𝐹𝑖” refers to carbon content rate of dominant tree species in forest vegetation type 

The carbon content rates for each tree species have been calculated as indicated in Table 4 based 

on the dominant tree species in the forests of Tianzhu County, with reference to the Guidelines for 

Carbon Sequestration Measurement and Monitoring in Afforestation Projects (LY/T 2253-2014) and 

pertinent literature[40–43]. 
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Table 4. Reclassification of NPP from CASA Model and MODIS Observations (Unit:gC/m2). 

No. Range No. Range No. Range No. Range 

C1 3.40-22.71 C11 102.86-11.55 M1 0.02-11.29 M11 38.27-40.02 

C2 22.71-35.27 C12 111.55-125.07 M2 11.29-16.1 M12 40.02-41.63 

C3 35.27-45.89 C13 125.07-140.52 M3 16.1-19.98 M13 41.63-43.18 

C4 45.89-56.51 C14 140.52-153.07 M4 19.98-23.36 M14 43.18-44.72 

C5 56.51-67.13 C15 153.07-165.62 M5 23.36-26.43 M15 44.72- 46.42 

C6 67.13-75.82 C16 165.62-177.21 M6 26.43-29.35 M16 46.42-48.54 

C7 75.82-83.55 C17 177.21-185.90 M7 29.35-32 M17 48.54-52.64 

C8 83.55-89.35 C18 185.90-194.59 M8 32 -34.30 M18 52.64-58.35 

C9 89.35-95.13 C19 194.59-204.25 M9 34.30-36.35 M19 58.35-159.52 

C10 95.13-102.86 C20 204.25-249.63 M10 36.35-38.27 M20 159.52-324.46 

Table 5. Carbon Content Rates of Dominant Tree Species. 

Code Dominant Tree Species CF 

120 Qinghai spruce 0.52 

150 larch 0.521 

200 Chinese pine 0.511 

350 Qilian juniper 0.51 

421 poplar 0.49 

490 Other hardwood broadleaved forests 0.497 

530 birch 0.496 

590 Other softwood broadleaved forests 0.485 

610 Coniferous and mixed forest 0.51 

620 Broad-leaved and mixed forest 0.495 

630 Coniferous and broad-leaved mixed forest 0.498 

904-999 Shrub forest 0.483 

The estimation results show that Tianzhu County’s forests store 361,700 tons of carbon overall 

at the pixel scale. Among these, shrub forests store the most carbon (313,600 tons), making up 86.70% 

of Tianzhu County’s total forest carbon storage. Next is the carbon storage of coniferous forest 

vegetation at 46,500 tons, accounting for 12.86% of the total carbon storage. Broad-leaved and mixed 

forests store 1,100 and 500 tons of carbon respectively, accounting for 0.30% and 0.14% of the total 

carbon storage. 

4. Discussion and Findings 

4.1. Discussion 

The NPP of the research area was determined using the CASA model based on data from the 

forest resource inventory and remote sensing, and the plant decay model was used to estimate the 

amount of carbon stored in the forest at the pixel level in Tianzhu County. Since the model only 

involves parameters such as monthly average temperature, total monthly precipitation, monthly 

NDVI, and total monthly net solar radiation, there are not many data points available for comparison. 

Therefore, it is necessary to incorporate more field survey data to optimize the model. The theoretical 

foundation and viability for a comprehensive and large-scale estimation of above-ground biomass 

are provided by this study. It is possible to ensure better forest ecology and increased capacity for 

sequestering carbon in the future planning and management of forest resources. This will facilitate 

an overall increase in forest carbon storage, promoting the achievement of “double carbon” and 

carbon reduction goals. Additionally, it provides a framework for “carbon trading”, preventing 

overselling or underselling scenarios. 
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4.2. Findings 

1. The total forest area in Tianzhu County is 25,606.325 km². Coniferous forests, broad-leaved 

forests, mixed forests, and shrub forests make up the majority of the vegetation types; they make 

up 20.69%, 2.78%, 2.34%, and 74% of the total area, respectively. 

2. According to the CASA model calculations, the annual cumulative NPP in Tianzhu County for 

2020 ranged from a maximum of 249.63 gC/m² to a minimum of 3.40 gC/m², with a total forest 

net primary productivity of 134,674.65 tons of carbon. Of these, shrub forests accounted for 

114,925.93 tons of carbon, representing 85.34% of the total; coniferous forests accounted for 

18,590.86 tons of carbon, representing 13.80%; broad-leaved forests accounted for 765.41 tons, 

representing 0.57%; and mixed forests accounted for 392.44 tons, representing 0.29%. Based on 

MODIS17A observational data, the annual cumulative NPP ranged from a maximum of 325.36 

gC/m² to a minimum of 0.02 gC/m², with a total forest net primary productivity of 171,728.32 

tons of carbon. Of these, broad-leaved forests accounted for 94,737.11 tons of carbon, 

representing 55.17%; coniferous forests accounted for 45,488.07 tons of carbon, representing 

26.47%; mixed forests accounted for 6,212.94 tons, representing 3.62%; and shrublands 

accounted for 25,290.20 tons, representing 14.73%. 

3. Tianzhu County has 361,700 tons of total forest carbon stored at the pixel level. With 313,600 

tons, or 86.70% of total carbon storage, shrub forests have the highest carbon storage capacity. 

Coniferous forest vegetation has a carbon storage of 46,500 tons, accounting for 12.86%. Broad-

leaved forest and mixed forest have a carbon storage of 1,100 tons and 500 tons, respectively, 

accounting for 0.30% and 0.14%. 
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