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Abstract: The sequestration of carbon in forests plays a crucial role in mitigating global climate
change and achieving carbon neutrality goals. Carbon use efficiency (CUE) is an essential metric used
to evaluate the carbon sequestration capacity and efficiency of Vegetation. Previous studies have
emphasized the importance of assessing CUE at specific regions and times to better understand its
spatiotemporal variations. The southeastern region of Tibet in the Qinghai-Tibet Plateau is recognized
as one of the most biodiverse areas in China and globally, characterized by diverse vegetation
types ranging from subtropical to temperate. In this study, we focused on Nyingchi, which is the
largest virgin forest area in southeast Tibet, to explore the spatial-temporal dynamic characteristics
of regional CUE based on MODIS remote sensing products. The following results were obtained:
(1) On a monthly scale, regional CUE exhibits significant seasonal variations, with varying patterns
among different vegetation types. Specifically, the fluctuation of CUE is the lowest in high-altitude
forest areas and the greatest in grasslands and barrens. On an annual scale, forests exhibit higher
fluctuations than areas with sparse vegetation and the overall volatility of CUE increased over the
past 11 years. (2) There are regional differences in the trend of CUE changes, with a substantial
downward trend in the Himalayan region and a significant upward trend in the residual branches of
the Gangdise Mountains. More than 75% of the regions exhibit no persistent trend in CUE changes.
(3) Vegetation type is the main determinant of the range and characteristics of vegetation CUE
changes, while the geographical location and climatic conditions affect the variation pattern. CUE in
the southern and northern regions of Nyingchi at 28.5°N exhibits different responses to temperature
and precipitation changes, with temperature having a more significant impact on CUE.

Keywords: carbon use efficiency (CUE); forest ecosystems; Southeast Tibet; MODIS

1. Introduction

Since the Industrial Revolution, humans have been emitting greenhouse gases such
as carbon dioxide into the atmosphere, leading to increasing global warming. This not
only has disastrous effects on human safety and production, but also disrupts the balance
of ecosystems and global carbon cycling [1]. Carbon cycling and carbon neutrality have
become one of the global hot topics [2,3]. Forests are the most crucial terrestrial ecosystems,
accounting for 85–90% of the total biomass of land vegetation. Through the process of
photosynthesis, Forest vegetations absorb CO2 from the atmosphere and store it as biomass
in plants and soil. They play a pivotal role in maintaining carbon balance and mitigating
climate change [4,5].

Carbon use efficiency (CUE) is defined as the ratio of net primary productivity (NPP)
to gross primary productivity (GPP) [6]. It characterizes the potential carbon sequestration
capacity of an organism. Vegetation CUE is one of the metrics used to measure the carbon
sequestration capacity and efficiency of forest ecosystems. A higher CUE value indicates a
higher growth transfer of carbon per unit of vegetation, which corresponds to a greater po-
tential for carbon sequestration. Quantifying and analyzing CUE is beneficial for exploring
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the differences in carbon cycling among different vegetation types, analyzing the carbon
sequestration potential of forest ecosystems, revealing the mechanisms of carbon balance,
and studying the responses of ecosystems to global changes [7].

In recent years, numerous scholars have been dedicated to studying CUE including
different spatial scales such as sites, regions, and communities, as well as different temporal
scales such as years, months, and developmental stages [8]. CUE exhibits variability
across different spatial and temporal scales, which is influenced by various factors, such
as growth conditions, natural conditions (e.g., altitude and climate), and human activities
(e.g., logging and grazing) [9–11]. The effects of these factors on CUE vary among different
spatial scales [12], and the factors that affect forest CUE change with shifts in temporal
scale. Previous research has established that CUE generally ranges from 0.20 to 0.83 [13].
At the spatial scale, forest ecosystems in high-latitude regions have higher CUE values [14].
The variation in CUE along latitude is less pronounced than that along longitude and is
positively correlated with altitude [12]. At the temporal scale, the average CUE of forest
areas follows a descending order of autumn, summer, and spring [15]. As a function of
gross primary productivity, net primary productivity, and respiration, CUE is influenced by
a combination of factors that affect changes in these indicators, such as vegetation, climate,
CO2 concentration, soil nutrients, and management measures [16–19]. In conclusion, the
spatiotemporal characteristics of forest CUE necessitate specific regional and temporal
analyses and cannot be generalized.

The Qinghai-Tibet Plateau, as known as the “Roof of the World”, serves as an ecological
barrier in Asia and plays a crucial role in regulating global climate [20]. Tibet, which forms
the core of this plateau, is one of the five major forested regions in China. The southeastern
region of Tibet stands out as one of the most intact areas of primitive forests in China, with
a diverse range of forest vegetation spanning tropical, subtropical, temperate, and humid
climate zones. Nearly all types of coniferous and broad-leaved tree species are distributed
throughout this region, covering a wide range from subtropical to temperate zones. It is
one of the most representative regions of biodiversity in China and globally.

Among the existing studies on CUE in southeastern Tibet, Chen and Yu have identified
southeastern Tibet as having one of the highest values of CUE in China [21]. Fu et al.
have investigated the relationship between regional annual CUE and climate factors [22],
while Luo et al. have conducted quantitative research on the impact of CO2 fertilization
and land use on regional CUE [23]. Nevertheless, remote sensing studies on CUE in
southeastern Tibet are still scarce, and there is a lack of understanding regarding the spatial
distribution patterns and spatiotemporal variations of CUE in this area, making it virtually
a research gap.

Based on the above background, this study focuses on Nyingchi, the largest primitive
forest area in southeastern Tibet, and investigates the spatiotemporal variation characteris-
tics of CUE from 2000 to 2022 using the MOD17A2H remote sensing product. Specifically,
this study aims to (1) uncover the spatial distribution characteristics of CUE in Nyingchi
over the past 22 years; (2) identify the spatiotemporal variation features and trends of
regional CUE; and (3) explore the variation characteristics of CUE in Nyingchi under dif-
ferent locations, climates, and vegetation types. The research findings not only provide a
data basis for the study of carbon cycling in southeastern Tibet, but also have scientific and
practical significance for the high-quality development of forest ecosystems and response
to global changes.

2. Materials and Methods
2.1. Study Area

The study area, Nyingchi (Figure 1), is situated in the southeastern part of Tibet
Autonomous Region, bordering India and Myanmar, along the middle and lower reaches
of the Yarlung Zangbo River. Its altitude ranges from 150 to 7782 m, with the Nyenchen
Tanglha Mountains in the north, the Himalayas in the south, the residual ridge of Gangdise
Mountains in the northwest, the Hengduan Mountains in the east, and the Yarlung Zangbo
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Grand Canyon in the center, which is the largest canyon in the world. The relative altitude
difference in Nyingchi reaches up to 7627 m, and the terrain slopes from northwest to
southeast with significant undulations.

Figure 1. Overview of Nyingchi in Southeast Tibet.

Nyingchi belongs to the oceanic Indian monsoon climate, which provides favorable
water and heat conditions. Due to the large altitude difference, the vertical zonation in
Nyingchi is obvious, and there is a significant difference in vertical climate zones between
the north and south slopes. The southern slope has five climate zones, ranging from the
mountain base to the mountain top, while the northern slope is situated in the plateau
interior with less water vapor, resulting in a relatively simple vertical climate zone spectrum.

The average temperature in Nyingchi varies from 6 to 17 °C, which is comparatively
high in relation to areas at the same latitude, albeit with relatively small annual and diurnal
temperature fluctuations. The area is rich in water vapor, and the rainy season begins in
June and lasts until September, with abundant precipitation during summer. Precipitation
in Nyingchi is mostly irregular and evenly continuous, with the majority of areas receiving
annual rainfall between 500 and 1000 mm [24]. However, due to the influence of topography,
there are notable differences between regions, such as in the western Yarlung Zangbo River,
where annual precipitation is less than 500 mm, while in Motuo County, situated on the
southern foothills of the Himalayas, the annual precipitation can exceed 2000 mm.

Nyingchi boasts a dense river network and abundant runoff. The Yarlung Tsangpo
River system dominates the northwest part of the region, including many tributaries like
Niangqu, Niayang, and Yigong Tsangpo rivers. The central part of the region is home to the
main stem of the Yarlung Tsangpo River, along with tributaries such as Danbaqu, Chayu,
and others, which flow south and join the Brahmaputra River. The eastern part of the region
features several tributaries of the Nu River system located in the Hengduan Mountains.

The land cover types in Nyingchi region are mainly forests and grasslands. Forests
are mainly distributed in the valley areas below 3500 m above sea level, with concentrated
distribution in the central and southern parts, and branching distribution in other areas
according to topography. Shrubs and grasslands are mainly distributed in the plateau
areas at altitudes of 3500–5000 m, with grasslands distributed in large areas and shrubs
distributed in small scattered areas. In addition, the mountaintop areas in the central
and northern parts with altitudes greater than 5000 m are covered with large permanent
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snowfields, which are the source of many rivers. In general, from the foothills to the
mountain tops, the land cover and vegetation types in Nyingchi region are evergreen
broadleaved forests, evergreen coniferous forests, mixed coniferous and broadleaved forests,
shrublands, grasslands, and permanent snowfields.

2.2. Data
2.2.1. MODIS GPP, NPP Dataset and Calculation of CUE

The land net primary productivity (NPP) and gross primary productivity (GPP) data
used in this study are sourced from the MOD17A2HGF Version 6 remote sensing prod-
uct in the Moderate-resolution Imaging Spectroradiometer (MODIS) series, which was
downloaded from the NASA website (http://modis.gsfc.nasa.gov/, accessed on 12 August
2022). This product provides continuous global monitoring of gross primary productivity
data (GPP) and net photosynthesis data (PSNnet), with a temporal resolution of 8 days
and a spatial resolution of 500 m. Based on the quality control (QC) labels of each pixel,
MOD17A2HGF removes poor-quality inputs from the 8-day leaf area index and photo-
synthetically active radiation fraction (FPAR/LAI) in MOD17, and then supplements its
values through linear interpolation. The data has also undergone radiometric, atmospheric,
and geometric corrections. Using ArcGIS 10.2 software, the MOD17A2HGF data from 2001
to 2022 were formatted, joined, clipped, processed to remove outliers as indicated in the
metadata file, convert scaling factors, and units, in order to obtain the raw values of GPP
and PSNnet.

GPP is the total amount of carbon fixed by plants in an ecosystem, while NPP is
the amount of carbon remaining after plant respiration. Ra (autotrophic respiration) is
the amount of carbon lost due to plant respiration. Ra can be divided into maintenance
respiration (Rm) and growth respiration (Rg), and their relationship can be expressed as:

NPP = GPP− Ra = GPP− Rm − Rg (1)

PSNnet is the amount of carbon fixed by plants through photosynthesis, minus the amount
of carbon lost through plant maintenance respiration (Rm) [25]. Therefore, PSNnet can be
used to calculate NPP by subtracting the amount of carbon lost through growth respiration
(Rg). Based on the algorithm of MOD17A2, the value of growth respiration (Rg) is estimated
to be 25% of NPP using empirical parameterization [26]. Therefore, NPP can be directly
calculated using PSNnet:

PSNnet = GPP− Rm (2)

Rg = 0.25 ∗ NPP (3)

NPP = 0.8 ∗ PSNnet (4)

The 8-day NPP and GPP data obtained in this study were aggregated into monthly
and yearly data for the 22-year period based on their coverage dates. Next, the vegetation
carbon use efficiency (CUE) value was calculated for each pixel using the definition formula
of CUE:

CUE =
NPP
GPP

(5)

where CUE represents the vegetation carbon use efficiency of the ecosystem; NPP is the net
primary productivity of vegetation (gc m−2 · t−1); GPP is the gross primary productivity
of vegetation (gc m−2 · t−1). The total NPP, GPP and annual CUE distribution in 2022 are
shown in Figures A1–A3.

http://modis.gsfc.nasa.gov/
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2.2.2. Land Cover Dataset

The land cover data of the Nyingchi area in this study was obtained from the MODIS
MCD12Q1 land cover type product, which has a temporal resolution of 1 year and a spatial
resolution of 500 m. The MCD12Q1 product provides five land cover classification schemes,
which utilize supervised decision tree information extraction technology for land classi-
fication [27]. The IGBP global vegetation classification scheme was selected in this study,
which includes 17 major land cover types, consisting of 11 natural vegetation types, 3 land
development and mosaic land cover types, and 3 non-vegetated land cover types [28]. The
MCD12Q1 data were processed by splicing, formatting, reprojection, and band extraction
using the ENVI-MCTK plugin (Multi-Class Toolkit) to obtain the TIFF dataset under the
IGBP classification scheme. The dataset was clipped using ArcGIS 10.2 software to obtain
the land cover data of the Nyingchi area for each year. Subsequent overlay analysis was
performed according to vegetation categories to obtain NPP/GPP/Ra/CUE data for each
vegetation type.

2.2.3. Climate Dataset

The monthly precipitation (Pre) and mean temperature (Tem) data from 2001 to 2021 in
Nyingchi area were obtained from the National Earth System Science Data Center, National
Science & Technology Infrastructure of China (http://www.geodata.cn, accessed on 14
August 2022). The temporal resolution and spatial resolution were 1-month and 1 km,
respectively. The data were generated by Peng Shouzhang based on the global 0.5° climate
dataset released by CRU and the high-resolution climate dataset released by WorldClim,
using the Delta spatial downscaling scheme to downscale the monthly precipitation and
mean temperature data in China [29]. After obtaining the data, ArcGIS 10.2 software
was used for format conversion, reprojection, band separation, and clipping, and finally
resampled to obtain the 500 m meteorological dataset in Nyingchi area for 21 years. This
dataset was used for testing the correlation between CUE, temperature and precipitation in
the subsequent analysis.

2.3. Analytical Methods
2.3.1. Theil-Sen Median Slope Estimator and Mann-Kendall Trend Analysis

The Theil-Sen median method (also known as Sen’s slope estimation) is a robust
non-parametric statistical method for trend analysis that is insensitive to measurement
errors and outliers [30]. It is suitable for analyzing trends in long-time series data. The
formula for calculating the trend value β of CUE is:

β = Median
(CUEj − CUEi

j− i

)
∀j > i (6)

where Median() represents the calculation of the median. If β is greater than zero, it
indicates an increasing trend of vegetation CUE, and vice versa for a decreasing trend.

The Mann-Kendall test is a non-parametric method for testing time series trends. It
does not require the measured values to follow a normal distribution and is not affected by
missing or outlier values, making it suitable for testing significant trends in long time series
data. The process is as follows: at the pixel scale, for a sequence of CUE1, CUE2, . . . , CUEn,
all pairwise values (CUEi, CUEj, j > i) are first used to determine the size relationship (S)
between CUEi and CUEj.

The hypothesis is as follows: H0: The values of CUE in the sequence are randomly
arranged, that is, there is no significant trend; H1: The CUE sequence shows an upward or
downward trend. The calculation formula for the test statistic S is:

S =
n−1

∑
i=1

n

∑
j=i+1

sgn(CUEj − CUEi) (7)

http://www.geodata.cn


Remote Sens. 2023, 15, 2382 6 of 23

where sgn() is a symbolic function, and the calculation formula is:

sgn(CUEj − CUEi) =


+1 CUEj − CUEi > 0
0 CUEj − CUEi = 0
−1 CUEj − CUEi < 0

(8)

The trend test is performed using the test statistic Z, which is calculated as follows:

Z =


S√

Var(S)
(S > 0)

0 (S = 0)
S+1√
Var(S)

(S < 0)
(9)

The formula for calculating Var is:

Var(S) =
n(n− 1)(2n + 5)

18
(10)

where n is the number of data in the sequence, m is the number of groups with repeated data
in the sequence, and ti is the number of repeated data in the i-th group of repeated data.

The double-sided trend test is used to obtain the critical value Z1−α/2 at a given
significance level. When |Z| ≤ Z1−α/2, the null hypothesis H0 of no significant trend is
accepted; if |Z| > Z1−α/2, then H0 is rejected and a significant trend is considered. In this
paper, the significance level is set at α = 0.05, so the critical value is Z1−α/2 = ±1.96. When
the absolute value of Z is greater than 1.65, 1.96, and 2.58, the trend passes the significance
test with confidence levels of 90%, 95%, and 99%. The significance of the trend feature
increases in order [31].

2.3.2. Spatiotemporal Stability Analysis

In this study, the coefficient of variation (CV) was used to reflect the degree of variation
of vegetation CUE in the time series. The CV is the ratio of the standard deviation of the
data to its mean, which can well reflect the degree of variation of the data in the time series,
and evaluate the temporal stability of the data [32,33]. The calculation formula is:

CV =
1

CUE

√
∑n

i=1 (CUEi − CUE)2

n− 1
(11)

where CV represents the coefficient of variation of the pixel, CUEi is the CUE of the i-th
time period, and CUE is the average value of CUE in the study sequence. When the CV
value is larger, it indicates that the data is more dispersed and the vegetation CUE varies
greatly; when the CV value is smaller, it indicates that the data is more compact and
the degree of CUE variation is small. Following the grading method of CV in [33], the
regional CV is divided into five levels: CV < 0.05 for low fluctuation, 0.05 ≤ CV < 0.10
for relatively low fluctuation 0.10 ≤ CV < 0.15 for medium fluctuation, 0.15 ≤ CV < 0.20
for relatively high fluctuation, and CV ≥ 0.20 for high fluctuation.

2.3.3. Correlation Analysis

Due to the complex relationship between research variables, the simple Pearson
correlation coefficient can only reflect the surface properties of the correlation between
two variables, but cannot truly reflect the degree of linear correlation between variables.
Therefore, based on a long sequence dataset, this paper calculates the partial correlation
coefficient at the pixel scale to reflect the correlation between two variables [34]. The
formula for calculating the first-order partial correlation coefficient is:

rxy·z =
rxy − rxz · ryz√

(1− rxz2)(1− ryz2)
(12)
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where rxy·z represents the partial correlation coefficient between variables X and Y in
a certain pixel when controlling for variable Z, rxy, rxz, rxz are the simple correlation
coefficients between variables X, Y, and Z.

Hypothesis testing is conducted on the partial correlation coefficient to reflect the
significance level of the correlation between two variables. The null hypothesis of the
partial correlation coefficient test is that the partial correlation coefficient between the two
variables in the population is zero. The t-test method is used to test this hypothesis, and
the calculation formula is as follows:

t =
√

n− k− 2 · r√
1− r2

(13)

where r is the partial correlation coefficient between the two variables, n is the number of
sample observations, k is the number of control variables, and n− k− 2 is the degree of
freedom. When t > t0.05(n− k− 2), i.e., the significance level p < 0.05, the null hypothesis
is rejected, and it is considered that there is a significant correlation between the two
variables. In particular, when p < 0.01, it is considered that there is an extremely significant
correlation between the two variables.

2.3.4. Future Trend Analysis

In geography, the Hurst exponent is an effective method for describing spatial self-
similarity and long-term dependence phenomena [35]. In this paper, the Hurst exponent is
used to reflect the short-term trend of vegetation CUE in the future by the rescaled range
(R/S) analysis method proposed by Harold Edwin Hurst, a British hydrologist [36,37]. The
calculation method is as follows: for the vegetation CUE data sequence from 2001 to 2022:
{CUE(i)}, i = 1, 2...n, at the pixel scale, for any positive integer τ, define the parameter of
the time series as follows:

Differential sequence:

4 CUEi = CUEi − CUEi−1 (14)

Mean sequence:

∆CUE(τ) =
1
τ

τ

∑
i=1

∆CUEi(τ = 1, 2 . . . n) (15)

Cumulative deviation sequence:

X(t,τ) =
τ

∑
i=1

(
∆CUEi − ∆CUE(τ)

)
(1 ≤ t ≤ τ) (16)

Range sequence:

R(τ) = max
1≤t≤τ

X(t,τ) − min
1≤t≤τ

X(t,τ) (τ = 1, 2, . . . n) (17)

Standard deviation sequence:

S(τ) =

[
1
τ

τ

∑
i=1

(
∆CUEi − ∆CUE(τ)

)2
]1/2

(τ = 1, 2, . . . n) (18)

For the ratio R(τ)
S(τ)

∼= R
S , if there exists R

S ∝ τH , it indicates the presence of Hurst
phenomenon in the analyzed time series, where H is the Hurst exponent. The value
of H is calculated by using the least squares method to fit a line with the slope on the
double logarithmic coordinates (lni,ln R

S ). The classification is based on the value of H,
where 0.5 < H < 1 indicates a persistent sequence of regional CUE, meaning that the
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future trend is the same as the current trend; H = 0.5 indicates a random sequence of
regional CUE with no long-term persistence characteristic; and 0 < H < 0.5 indicates an
anti-persistent sequence of regional CUE, meaning that the future trend is opposite to the
current trend [38].

Overall, the data processing and analysis flow of this article is shown in Figure 2.

Figure 2. The technical roadmap.

3. Results
3.1. Spatial Patterns of CUE

The average distribution of annual CUE in the Nyingchi area is illustrated in Figure 3.
The white regions in the figure represent areas without vegetation, such as water bodies
and perennial snow, and therefore have no NPP or GPP values [26]. The annual average
CUE in the Nyingchi ranges from 0 to 0.78, with an average of 0.66. More than 99% of the
area fluctuates between 0.2 and 0.8, consistent with previous studies [39–41], suggesting
the validity of the data.

The analysis indicates that the overall pattern of CUE in Nyingchi is a gradual decrease
from both sides to the center and from south to north. This distribution pattern is related to
the elevation and vegetation cover types of the region. The area with an annual CUE in
the range of 0–0.4 accounts for 4.8% of the total area, primarily located in the evergreen
broadleaved forest in the south, with scattered distribution in the Yarlung Zangbo River
valley. The area with an annual CUE in the range of 0.4–0.5 accounts for 1.47% and is mainly
found in the broadleaved forest, shrubs, sparse forest, and residential areas below 2000 m
in the southern river valley. The area with an annual CUE in the range of 0.5–0.6 accounts
for 9.77% and is mainly concentrated in the evergreen broadleaved forest around 1500 m in
the south. The area with an annual CUE in the range of 0.6–0.65 accounts for 15.16% and is
mainly distributed in the needle-leaf and broad-leaved mixed forest between 2000–3000 m
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in the south, and sporadically distributed in the central river valley area, following the
shape of the river network.

Most of the Nyingchi area has an annual CUE between 0.65–0.7, accounting for 53.18%
of the total area, primarily concentrated in the grassland at 4000–5500 m and the coniferous
forest between 2000–3000 m. The area with a CUE between 0.7–0.78 is a high-value area,
accounting for 19.95% of Nyingchi, primarily distributed in the boundary areas above
5000 m, including mixed grassland, farmland, and barren land (with a vegetation coverage
rate of less than 10% year-round).

Figure 3. Distribution of average annual CUE from 2001 to 2022.

3.2. Intra-Annual and Inter-Annual Variation of CUE

The cyclical pattern of vegetation CUE throughout the year in the Nyingchi area is
illustrated in Figure 4. From December to February (Figure 4a), the CUE is generally low, as
indicated by the south-to-north boundary near 29°N, where the CUE in the northern region
is mostly below 0.3, while the CUE in the southern region maintains a level of 0.65. In the
growing season, from March to May (Figure 4a,b), the CUE in grasslands and coniferous
forest areas in the north rapidly increases from south to north, climbing to a level of 0.5,
while the CUE in the southern forest area decreases by about 0.1 compared to winter. From
spring to summer (Figure 4b,c), the CUE in areas with low vegetation coverage quickly
rises to above 0.65, while the CUE in shrubs, coniferous forest, and mixed forest areas rises
to above 0.6, and the CUE in evergreen broadleaf forest areas continues to decline to 0.5 or
below. In particular, the forest area at the southern boundary drops to below 0.3, which is
the lowest value in the region during this period. From June to September, most areas in
Nyingchi reach and stabilize in the high CUE area, with an average CUE of 0.66 or higher,
except for the southern evergreen broadleaf forest area. After October (Figure 4d), as the
temperature drops, the CUE in shrubland, grassland, and uncultivated land gradually
declines to the level of winter (below 0.3), starting from the northern boundary area, while
the CUE in the southern forest area begins to rise and eventually stabilizes at 0.65.

As outlined in Section 2.3.2, the coefficient of variation (CV) was utilized to measure
the magnitude of variation and stability in vegetation changes throughout the growth cycle.
The resultant CV values were categorized into five levels [33]. Figure 5 demonstrates that
the Nyingchi area is demarcated by a central line in the vicinity of 29°N, with the northern
region characterized by a high degree of fluctuation in CUE throughout the year. The
transitional zone between grassland and forest in the central region exhibits a relatively
high degree of fluctuation. Conversely, the CUE of the evergreen broad-leaved forest above
1000 m in the southern region demonstrates moderate and relatively low fluctuation. With
increasing altitude and latitude, the vegetation type changes from broad-leaved forests to
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coniferous forests, and the stability of CUE consequently increases. The region with the
highest degree of CUE stability is the evergreen coniferous and mixed forest area situated
between an altitude of 2000–4000 m and a latitude of 28°N to 29°N. CUE has remained in a
low-fluctuation state in this region for an extended period.

Figure 4. Monthly changes of CUE from 2001 to 2022 (a) In January, (b) In April, (c) In July, (d) In
October.

Figure 5. The fluctuation level of CUE.

The annual inter-annual variation of the average CUE in Nyingchi region over 22 years
is shown in Figure 6. The inter-annual CUE has been maintained at a level of around 0.66,
and the trend line fitted by a simple linear regression shows a slight downward trend in
annual CUE overall, but it is not significant. The highest annual mean CUE value occurred
in 2011, at 0.666, and the lowest occurred in 2015, at 0.649. The CUE level in Nyingchi
was relatively stable between 2001 and 2011, with only slight fluctuations within a range
of no more than 0.005. However, after 2011, the amplitude of CUE fluctuations increased
significantly, with a fluctuation range exceeding 0.01. From 2011 to 2013, there was a rapid
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decline in CUE, while from 2015 to 2017, there was a significant increase, recovering to a
level of 0.661 in 2017. Overall, the stability of CUE during the latter 11 years was lower
than that of the previous 11 years.

Figure 6. Annual average CUE between 2001 and 2022.

After conducting an overlay analysis with the vegetation status of the underlying
surface, a line graph of the annual CUE changes for each vegetation type from 2001 to
2022 was obtained and is presented in Figure 7. The analysis revealed that the range
and fluctuation of CUE differ among different vegetation types on an annual scale. The
evergreen broad-leaved forests have an average CUE value ranging from 0.55 to 0.6, with the
most significant fluctuation observed. In contrast, the CUE values of shrubs, mixed forests,
deciduous broadleaved forests, evergreen coniferous forests, and deciduous coniferous
forests are concentrated around 0.64 to 0.67, and the fluctuation range and overall trend of
these categories are roughly similar, with relatively stable CUE levels. The barren, urban,
farmland, and grassland have CUE average values ranging from 0.68 to 0.7, which are high
CUE value areas in Nyingchi. Barren land (vegetation coverage less than 10%) has the
highest CUE level. The annual CUE fluctuations of these four types of land cover are weak,
and the annual averages remain relatively constant.

Figure 7. Annual average CUE of various vegetation types from 2001 to 2022 (Wherein: EBF:
Evergreen broadleaf forest; ECF: Evergreen coniferous forest; DBF: Deciduous broadleaf forest; DCF:
Deciduous coniferous forest; MF: Mixed forest; Shr: Shrublands; Gra: Grasslands; Cro: Croplands;
Urb: Urbans; Bar: Barrens).



Remote Sens. 2023, 15, 2382 12 of 23

3.3. The Variation Trend of CUE

Estimation of Sen’s slope and MK trend analysis were performed on the continuous
multi-year CUE dataset, and the results of both analyses were combined to classify the
trend change characteristics into 9 categories [42,43]. The distribution and area proportion
of each trend change category are depicted in Figure 8. The results show that in 62.91%
of Nyingchi, the CUE exhibited a decreasing trend, and 51.39% showed no significant
decrease, with the highest percentage being observed in the broadleaved forest, coniferous
forest, mixed forest areas, and the transitional zone between forest and grassland in the
central part of Nyingchi. The proportion of areas with significant and extremely significant
CUE decrease was 7.2%, mainly distributed in the coniferous forest and mixed forest areas
near the Himalayas in the southwest of Nyingchi, as well as the mixed forest area in the
valley zone of the central and eastern regions. In 36.95% of the area of Nyingchi, the
CUE showed an increasing trend, and 33.02% showed significant increasing trend, mainly
distributed in the grassland in the north of Gyangze, the middle part of Chayu county in
the north of Bomê county, and the broadleaved forest in the south of Motuo. The areas
with significant or extremely significant CUE increase were 2.33%, mainly distributed in
the grassland and barren at the foothills of the Gangdise Mountains in Nyingchi and the
forest-grassland mixed area in the upper reaches of the Yigong and Neyang rivers.

Figure 8. Trend of CUE from 2001 to 2022 (ESI: Extremely significant increase; SI: Significant increase;
SSI: Slightly significant increased; NSI: No significant increase; NSD: No significantly decrease;
SSD: Slightly significant decrease; SD: Significant decrease; ESD: Extremely significant decrease).

Using the Hurst exponent method, this study aimed to detect the long-term persistence
trend of CUE in the Nyingchi region, as depicted in Figure 9. Results indicate that 75.95%
of the region in Nyingchi exhibits the “anti-persistence” trend, which implies that the
future trend will be opposite to the current trend. Meanwhile, 24.05% of the region shows
the “persistence” trend, which suggests that the future trend will be the same as the
current trend. Specifically, the persistence trend mainly occurs in grasslands located in the
northwest and southeast regions, near the Himalayas in the southwest, and in forests near
Dalan River in the southeast, while the rest are scattered throughout the region.



Remote Sens. 2023, 15, 2382 13 of 23

Figure 9. Hurst exponent analysis results of CUE.

The future trend of CUE in Nyingchi was determined by overlaying the long-term
trends obtained from Hurst exponent analysis with Sen’s slope estimation and MK trend
analysis results [25], and the results are presented in Figure 10. The analysis revealed that
47.82% of the CUE areas in Nyingchi will experience a trend reversal from decreasing to
increasing, which is mainly concentrated in the forest and forest-grass mixed zones on
both sides of the river valleys in the central part of Nyingchi. Furthermore, 28.10% of the
CUE areas will exhibit a trend reversal from increasing to decreasing, mainly distributed
in the grasslands in the northwest and central-eastern parts of the region. The areas with
continuous CUE increase account for 8.89% and are sparsely distributed in the grassland in
the west and the evergreen broad-leaved forest in the south. The areas with continuous
CUE decrease account for 15.15%, mainly distributed on both sides of the Yarlung Zangbo
River in the central region, the Himalayan region near the southwestern border, and the
Dalan River area in the southeast.

Figure 10. Hurst exponent analysis results of CUE.

3.4. Variation of CUE with Temperature and Precipitation

Combining partial correlation coefficients and significance test formulas, this paper
calculates the correlation between CUE and temperature/precipitation at the pixel scale
based on the monthly datasets from 2001 to 2021, aiming to explore the relationship between
CUE variation and temperature/precipitation [44]. Investigating the correlation at the pixel
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scale can better control unrelated variables and reduce the noise generated by extreme or
abrupt temperature, precipitation, and CUE values.

After removing the effect of the precipitation factor, the partial correlation coefficient
between CUE and temperature in the Nyingchi region was calculated and subjected to
significance testing. The results, as presented in Figure 11, showed that the partial cor-
relation coefficient ranged from −0.79 to 1. Positive correlations accounted for 79.9% of
the total area, while negative correlations accounted for 20.1%. Specifically, areas with a
strong positive correlation (r > 0.6) were mainly distributed in the upstream grasslands of
the Niangqu River, the confluence of rivers at the horseshoe bend of the Yarlung Zangbo
River in the central region, and the forests and grasslands in the upstream of Chayu River
in the east. Areas showing a strong negative correlation (r < −0.6) were mainly found in
the shrubs and grasslands in the Yarlung Zangbo River valley south of 28.5°N in Motuo,
and in the urban and farmland areas bordering India. In the Nyingchi region, the signifi-
cance analysis results revealed that 88.88% of the areas showed an extremely significant
correlation (p < 0.01) between CUE and temperature, and only 7.89% of the areas showed
a non-significant correlation (p > 0.05), mainly in the transition zone of the coefficient
variation range between 28°N and 29°N with low correlation (|r| < 0.2). In general, the
correlation and significance levels between CUE and temperature in the Nyingchi region
decreased from the north and south boundaries towards the central part, with higher
correlation levels observed in the canyon and river valley areas.

Figure 11. Partial correlation coefficient (a) and significance test results (b) of CUE and temperature.

Similarly, Figure 12 displays the partial correlation coefficient and its significance
between CUE and precipitation in Nyingchi region. The results indicate that the correlation
between CUE and precipitation in this area is generally weak, with the range of partial
correlation coefficients between −0.48 and 0.5. In the total area, the regions with a positive
correlation between CUE and precipitation account for 24.42%, mainly located south of
the 28.5°N latitude line, with a small proportion in the grasslands of the Yarlung Zangbo
River Valley north of the Himalayas. Regions with relatively high correlation (r > 0.3) are
mainly found in urban and cropland areas near the southern border. On the other hand,
the regions where CUE and precipitation show a negative correlation account for 75.58%
of the total area, mainly distributed in areas north of the 28.5°N latitude line. Regions
with relatively high negative correlation (r < −0.3) are mainly found in the grasslands
of the Gangdise residual range and the upper reaches of the Chayu River. Furthermore,
by analyzing the significance level, it was found that the mixed forests, grasslands, and
barrens in the northwest and east of Nyingchi, as well as the evergreen forests in the
south, show a moderate (|r| > 0.2) and extremely significant correlation between CUE
and precipitation, which account for 21.83% of the total area, while the correlation between
CUE and precipitation in other areas is relatively low.
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Figure 12. Partial correlation coefficient (a) and significance test results (b) of CUE and precipitation.

Based on the above research, it can be concluded that in the Nyingchi region, the
variation patterns of CUE with temperature and precipitation are significantly different in
the areas on both sides of the transitional zone between 28°N and 29°N, and the changes
in CUE are more closely related to temperature. The global-scale study by Piao et al. [45].
revealed a parabolic relationship between the annual average CUE of forest vegetation
and the annual average temperature. This study scaled down the time frame to the
monthly scale and obtained consistent results. CUE in the northern part of Nyingchi
increases with rising temperatures, while the opposite is observed in the southern part,
and areas with an annual average temperature above 12 °C or below 0 °C, CUE is more
sensitive to temperature changes. Compared with temperature, the correlation between
CUE and precipitation in Nyingchi is relatively weak. Zhang et al.’s global-scale study
on CUE [46] demonstrated that CUE decreases with increasing precipitation when the
annual precipitation is below 2300 mm, and this conclusion is confirmed in the northern
part of Nyingchi (annual precipitation greater than 700 mm). However, in the southern
part of Nyingchi, where the annual precipitation is between 300 and 700 mm, an increase
in precipitation leads to an increase in NPP and CUE, indicating that CUE in the southern
part of Nyingchi may be affected by regional precipitation stress [47–50].

3.5. Cue Changes of Each Vegetation Type in Response to the Growth Process

The average data of NPP/GPP/Ra/CUE for various typical vegetation cover types in
Nyingchi region during the growing season are shown in Figure 13. The carbon fixation
process of evergreen broadleaved forest vegetation (Figure 13a) is unique due to the
combined effects of latitude and topography. This vegetation type exhibits high values in
spring and autumn and low values in winter and summer with small fluctuations. This
suggests that the ratio of carbon consumption to production is relatively stable during the
growth cycle. Although evergreen broadleaved forests have the highest NPP/GPP levels,
they also release the most carbon due to respiration. Notably, the high and low periods of
NPP, GPP, and CUE do not coincide, and there is a significant productivity trough in June
and July during the peak summer period.

Evergreen needleleaf forest is the second vegetation type after evergreen broadleaf
forest to have the smallest range of variation in CUE across the growing season. CUE
fluctuates between 0.4 and 0.7 throughout the year. Nearly half of the evergreen broadleaf
forests in Nyingchi experience winter (December to February) temperatures below 0 °C,
resulting in a short dormancy period. As shown in Figure 13b, during this time, the
NPP/GPP level of the evergreen needleleaf forest is relatively low, and CUE drops to
0.4–0.5. Similar to the broadleaf forest, there is a slight decrease in productivity in June and
July. The peak productivity of evergreen vegetation is in October, and it is speculated that
high temperatures during the summer limit the productivity of evergreen vegetation [51].
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Figure 13. Monthly average NPP/GPP/Ra/CUE values of various typical vegetation. (a) In evergreen
broadleaf forests, (b) In evergreen coniferous forests, (c) In deciduous broadleaf forests, (d) In
deciduous coniferous forests, (e) In mixed forests, (f) In shrublands, (g) In grasslands, (h) In croplands,
(i) In urban, (j) In barrens.
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Deciduous broadleaf forest, deciduous needleleaf forest, and mixed forest
(Figure 13c–e) exhibit similar ranges and trends of NPP/GPP/Ra/CUE. These vegetation
types have the highest NPP/GPP/Ra levels in summer, followed by spring and autumn,
and the lowest in winter. The peak period of CUE is in April-May, when NPP/GPP levels
increase rapidly. Therefore, it is inferred that these three types of vegetation perform carbon
sequestration at a higher level in the early growing season to meet their energy balance in
their life cycle.

Shrubs (Figure 13f) are a typical vegetation type in the transition from forest to grass-
land and exhibit transitional characteristics in carbon sequestration during their growth
cycle. The CUE variation of shrubs is closer to that of forest vegetation, with a peak
in May, and can be maintained at a level of around 0.3 during the winter dormant pe-
riod. However, the NPP/GPP variation process is more similar to that of grasslands and
croplands, showing the lowest in winter, the highest in summer, and a smooth transition
between seasons.

Grassland, cropland, urban, and barren land (Figure 13g–j) exhibit decreasing produc-
tivity levels in sequence with decreasing vegetation cover, and the fluctuation range of CUE
increases. The peak of CUE occurs during the vigorous growth period in June-July, with
a certain lag compared to areas with high vegetation cover. The NPP/GPP/Ra/CUE of
grassland, cropland, urban, and barren fluctuate significantly with the seasons, indicating
the high sensitivity of plant productivity in low vegetation cover areas to temperature and
precipitation [52].

4. Discussion
4.1. Influencing Factors of Forest CUE Variation

Based on above studies, it is evident that the variation of CUE is influenced by various
factors, including location, terrain, altitude, climate, and vegetation type. Vegetation type
and coverage are the primary factors that determine the range and pattern of CUE variation,
while temperature and precipitation induce its fluctuation. The geographical location and
environment of vegetation also indirectly affect its CUE variation pattern [53,54].

As discussed in Section 3.5, the productivity level of evergreen broadleaf vegetation in
the Nyingchi region is significantly higher than that of other types, and CUE is more stable
during the growth process. However, high temperatures can reduce its productivity, leading
to decreased carbon uptake and increased vegetation anaerobic respiration, ultimately
resulting in a decrease in vegetation CUE [51]. The productivity and average CUE of
evergreen needleleaf vegetation and deciduous vegetation are similar, but their variation
and sensitivity to climate change vary depending on their geographical location. For
example, in the case of evergreen needleleaf forests, vegetation CUE in the southern
part of Nyingchi decreases with increasing temperature, while in the northern part, it
increases with increasing temperature. Additionally, CUE in special terrains such as
river valleys and gorges is generally more sensitive to temperature and precipitation,
indirectly indicating that plants under stress conditions usually have greater plasticity
in their CUE than those growing in favorable conditions [55,56]. The NPP/GPP/CUE
of shrubs, grasslands, croplands, and barrens show significant seasonal variation, and
the lower the vegetation coverage, the less stable the CUE and the more sensitive it is to
climate change.

Existing studies have shown that the variation of forest CUE is influenced by a com-
bination of factors such as light, CO2 concentration, soil conditions, stand structure, and
human activities [7,57–59], which are not discussed in this paper. In this regard, Luo et al.
quantitatively analyzed the response of CUE to climate factors, land use and land cover
change, and CO2 fertilization based on ensemble simulations from 12 terrestrial ecosystem
models [23], providing us with ideas and methods for future research.

In addition, this study is based on one of the virgin forest areas in Southeast Tibet,
Nyingchi, and it remains to be verified whether the findings can be applied to other virgin
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forest areas in Qinghai-Tibet Plateau and even globally. In future work, we will select more
virgin forest areas to investigate the patterns of CUE variation.

4.2. Reasons for High CUE in Low-Vegetation Areas and Limitations of MODIS Monitoring

It is evident from the data results obtained in this paper that annual CUE values of
grasslands, cropland, urbans, and barrens have been consistently higher than woody plants
over the years. Furthermore, based on Figure 7, it can be observed that the annual CUE
of these four types of low vegetation areas has remained stable at around 0.68−0.7 over
a 22-year period, and the stable CUE values have increased as the vegetation coverage
has decreased (grassland > cropland > urban > barren). In conjunction with existing
research results, we speculate that there are three reasons for the higher CUE values in low
vegetation cover areas.

Firstly, the characteristics of non-woody plants; among the four ecosystems men-
tioned above, herbaceous and moss plants are widely distributed, without stems or trunks,
resulting in lower water resistance and higher photosynthetic rates compared to other
vegetation types [57,58]. Additionally, small plant volumes lead to a lower proportion of
energy consumed by their own activities, resulting in higher CUE. Several studies have
shown that CUE values for herbaceous and moss plants are generally higher than other
types of vegetation [46,57], and cultivated crops generally have higher CUE than natural
vegetation [59].

Secondly, limitations of MODIS large-scale vegetation remote sensing monitoring: as
shown in Figure 13, the NPP/GPP of some areas with low vegetation cover is less than
5 gc m−2 · t−1, and using MOD17A2 (500 m) to monitor vegetation with low productivity
is not precise. Existing research has shown that the CUE calculated using MODIS is biased
towards being high among many literature data, and the MODIS NPP and GPP in low-
biomass areas are lower than the measured values from the literature [25]. Using the
prevailing large-scale vegetation remote sensing in the past 30 years to explore the potential
photosynthetic mechanism of plants cannot meet the accuracy requirements. Therefore,
many scholars have dedicated to optimizing NPP and GPP data by using flux observations,
ecological process models, and multi-source remote sensing data [60–62].

In addition, the rapidly developing vegetation remote sensing technology of solar-
induced chlorophyll fluorescence (SIF) in recent years can compensate for the deficiencies
of traditional vegetation remote sensing and be used to explore vegetation productivity. It
is based on the spectral signals (650–800 nm) emitted by the photosynthetic center of plants,
and the two peaks of red light (around 690 nm) and near-infrared (around 740 nm) can
directly reflect the dynamic changes of plant actual photosynthesis and vegetation growth
status, providing new ideas and technologies for land carbon cycling and remote sensing
vegetation monitoring [63–65]. Research by Qiu et al. has shown that the ability of GOSIF
to estimate GPP is better than that of MODIS GPP products, and with the development of
satellite-borne high-resolution spectrometers, similar satellite-derived SIF products will
show great promise [66].

4.3. Reasons for the Increase in CUE Fluctuation in Recent Years

Based on multi-year monitoring data of NPP/GPP/CUE, it is evident that the average
level of CUE in southeastern Tibet has not changed significantly, but the fluctuation of CUE
has intensified. The future variability of CUE may also change, indirectly reflecting a decline
in the stability of forest ecosystems. Results from the MCD12Q1 land monitoring indicate
that over the past decade, the proportion of grassland area in Nyingchi has decreased
from 32.92% to 26.05%, while barren land has increased from 7.16% to 8.85%. Furthermore,
the areas of cities and farmland have also been increasing, and the snow cover on the
plateau is decreasing [67,68]. Global climate change and human activities have caused
severe desertification of the grasslands in southeastern Tibet, leading to soil nutrient loss,
aridification, and increased water stress on grassland plants [69], which in turn affects
normal plant growth, resulting in fluctuations in vegetation and regional NPP/GPP/CUE.
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Therefore, ecological conservation is of utmost urgency. Our priority should be to
maintain and improve forest productivity: to curb illegal logging, fence off and enclose
virgin forests, restore forest productivity, and supplement with artificial afforestation to in-
crease forest area [70]. Additionally, we should alleviate and control grassland degradation,
practice rational grazing, prevent soil erosion and desertification, and protect ecological
balance, thus enhancing the carbon sink and carbon sequestration efficiency of forest
ecosystems, and promoting sustainable development of the ecosystem [71].

5. Conclusions

Based on MODIS data, this study estimates the carbon use efficiency of typical virgin
forest areas in southeast Tibet and analyzes its spatio-temporal variation characteristics. The
following conclusions are drawn: (1) On a monthly scale, regional CUE varies significantly
with seasons, and the variation patterns differ among different vegetation types: the fluctu-
ation of CUE is the lowest in high-altitude forest areas and the greatest in grasslands and
barrens. On an annual scale, with an increasing overall fluctuation over the past 11 years,
fluctuation of CUE is greater in forests and lower in areas with sparse vegetation (2) There
are regional differences in the trend of CUE changes. CUE shows a significant downward
trend in the Himalayan region and a significant upward trend in the residual ranges of
the Gangdise Mountains. However, more than 75% of the regions show no persistent
trend in CUE changes. (3) Vegetation type is the main factor determining the range and
characteristics of CUE changes, while the geographical location and climatic conditions of
vegetation affect its variation pattern. Vegetation CUE in the southern and northern regions
of Nyingchi at 28.5°N responds differently to temperature and precipitation changes, with
temperature having a more significant impact on CUE. Moreover, the vegetation in special
topography is more sensitive to climate change in terms of CUE.
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Appendix A

Appendix A.1

Figure A1. Annual NPP data of Nyingchi region in 2022.

Appendix A.2

Figure A2. Annual GPP data of Nyingchi region in 2022.
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Appendix A.3

Figure A3. Annual CUE data of Nyingchi region in 2022.
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