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Accurately estimating net primary production (NPP) for various forest types on a large scale
is of great significance to the global carbon cycle and climate change, particularly in terms of
monthly variations. Most studies focus on the NPP estimation of individual tree species or a
single forest type, and few studies explore the NPP estimation of multiple forest types
simultaneously. Here, we aimed to explore the potential of the physiological principles predicting
growth (3-PG) model to estimate the NPP of six typical tree species in Northeast China. Forest
NPP was estimated on the basis of the 3-PG model using the fractional vegetation cover and leaf
area index derived from moderate-resolution imaging spectroradiometer sensors. In addition,
the monthly variation in forest NPP and factors influencing the NPP were analyzed. The results
demonstrate that the proposed approach can yield reliable NPP estimates, and the determination
coefficient (R2) between the estimated results and those obtained using the existing MODIS
products was between 0.4010 and 0.5462. The forest NPP peaked approximately in July and was
zero from October to April. Furthermore, the analysis of environmental effects on NPP indicated
that temperature and site nutrition are the dominant forest growth factors, whereas available soil
water is a limiting factor. Overall, we demonstrate that the proposed methodological framework
satisfactorily estimated the NPP of the six typical tree species and has significant potential for
forest growth prediction in China.

1. Introduction

As an important part of terrestrial ecosystems, forests have a strong carbon sink capacity and
play an important role in the global carbon cycle.(!) Accurately assessing the carbon sequestration
capacity of different forest types can help in the formulation of reasonable carbon sequestration
strategies and provide services for protecting the standing stock of forest carbon pools and
reducing the carbon emissions caused by deforestation and degraded forests. At present, the
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commonly used carbon sink estimation models include the climate productivity model, eco-
physiological process model, light-use efficiency model, and coupling process model with
remote sensing. Among them, remote-sensing-based methods have great potential for use in
large-scale net primary production (NPP) estimation.

The climate productivity method mainly uses meteorological observations and NPP field
surveys to build a regression model for forest NPP estimation. These models include the
Miami,® Thomthwaite memorial,® and Chikugo® models. Although the climate productivity
model is simple with easily obtainable parameters, its eco-physiological mechanism is unclear.
The light-use efficiency model considers solar radiation and meteorological conditions to
estimate the NPP. It can be easily transformed on a spatial scale, and dynamic monitoring results
of the month, season, and year can be obtained. However, the physiological and ecological
mechanisms of these models lack reliability. The eco-physiological process model can simulate
the processes of photosynthesis, respiration, transpiration, and soil water loss in vegetation. By
considering the atmosphere, vegetation, and soil as a unified ecosystem, it simulates the material
and energy exchange processes in different layers by establishing different submodels. The
process model has clear physiological and ecological mechanisms, and can simulate and predict
the impact of global climate change on vegetation NPP. However, these models have certain
limitations. For example, the structures of these models are complex, the parameters are
numerous and difficult to obtain, and it is difficult to expand to large spatial scales. With the
development of remote sensing technology, its advantages of being multisource and multiscale
and the ability to extract forest ecological parameters will help solve the above problems.

The coupling process model with remote sensing combines the mechanism of the forest
vegetation physiological growth process and ecological parameters derived from remote sensing
data and can effectively transform the scale of forest vegetation parameters. At present, several
NPP estimation methods use remote sensing data. Gong et al.®) evaluated carbon fluxes from
contemporary forest disturbances in North Carolina using a grid-based carbon accounting model
and fine-resolution remote sensing products; Hazarika et al.(®) simulated NPP by combining the
leaf area index (LAI) product obtained using MODIS sensors and the ecological process model,
and the results indicated that the accuracy of NPP estimation depends on the reliability of the
LAI Zhou et al.(7) estimated the LAI using remote sensing data and estimated the NPP using the
LAI and eco-physiological process model. Coupling a process model with remote sensing fully
utilizes the spatial and temporal distribution information of remote sensing data and combines
the physiological and ecological mechanisms of the process model to simulate and predict the
vegetation NPP. However, the structure of the model is complex, and the accuracy of the
estimation results is affected by ecological parameters derived from remote sensing data.
Currently, significant differences remain in the spatial distribution and size of various NPP
estimation models.

Although several studies have verified the NPP estimation models by comparatively
analyzing the estimation results, no unified on appropriate verification method is currently
available.® Productivity products are frequently used to evaluate NPP estimates. For example,
mod17 [NPP and gross primary product (GPP)] derived from MODIS have been widely used to
verify NPP estimation models. Zhang et al.®) estimated the forest NPP by coupling the carbon
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exchange between vegetation, soil, and atmosphere (CEVSA) and global production efficiency
models, and the estimated results were then compared and validated using modl7a3 NPP
products.

Terrestrial ecosystems, especially forest ecosystems, in the middle and high latitudes of the
Northern Hemisphere, play an important role as carbon sinks.(!% For example, Northeast China
has the largest natural forest region in the country. The region has rich forest resources mainly
distributed in the Daxing’an, Xiaoxing’an, and Changbai Mountains. Forest carbon storage and
the capacity of carbon sinks play important roles in maintaining the national and regional carbon
balance.!) Therefore, estimating the forest NPP at the regional and national scales is highly
important. The selected study site, Yichun City, is an important part of the ecological function
area of Xiaoxing’an Mountain, which has rich forest resources.

2. Materials
2.1 Study site

The study site (Fig. 1) was Yichun City, Northeast China (46°28'-49°26'N, 127°37-130°46'E).
The terrain in the north is dominated by hills and platforms, the center is dominated by low hills
and gentle slopes, and the south is dominated by low and steep hills. The study area, constituting
an important ecological barrier with rich forest resources, has a north temperate continental
monsoon climate with an annual average temperature between —1 and 1 °C, and a relatively short
frost-free period (approximately 100—120 days). The highest monthly average temperature is
between 20 and 22 °C. The total forest area covers greater than 3 million hectares with the
coverage rate exceeding 80%. The forests are dominated by Korean pine (Pinus koraiensis
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Fig. 1. (Color online) Overview of the study area. The top left is a map of China. The red boundary (Yichun City)
in the bottom left is the study area. The right color image is obtained with Sentinel-2A.
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Sieb), dahurian larch (Larix gmelinii Kuzen), spruce (Picea asperata Mast), fir (Abies fabri
Craib), mongolian scotch pine (Pinus sylvestris var. mongolica Litv), Populus tremula (Populus
davidiana Dode), and white birch (Betula platyphylla Sukaczev).

2.2 Data and preprocessing
2.2.1 Field data

The field data (Fig. 2) were acquired from forest inventory data in 2014. The survey included
forest resources and a few stand characteristics, such as diameter at breast height (DBH),
stocking volume, height, longitude, latitude, and tree species. A total of 728 forest plots (20 x 20
m?) were used, including 40 white birch (B. platyphylla Sukaczev; BESU), 175 Korean pine (P.
koraiensis Sieb; PISI), 43 fir (4. fabri Craib; ABCR), 241 dahurian larch (L. gmelinii Kuzen,;
LAKU), 41 Populus tremula (P. davidiana Dode; PODQO), and 188 spruce (P. asperata Mast;
PIMA).

2.2.2 MODIS data

MODIS is widely applied to estimate vegetation ecological parameters such as LAI, fractional
vegetation cover (FVC), and GPP because of its abundant spectrum information, high time
resolution, and excellent instrument properties.(!?) In this study, the LAI and FVC were used to
simulate the forest NPP, and the GPP values used for model validation were mainly obtained
using MODIS products (MODI15 A2H, MOD44B, and MOD17A2H). The LAI was estimated on
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Fig. 2. (Color online) Field data map of the study area.
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the basis of the radiation transfer model using MODIS reflectivity data and biome type maps. If
the algorithm fails in the estimation process, an alternate algorithm is selected; that is, the LAl is
calculated from the empirical relationship between the LAI and the normalized differential
vegetation index (NDVI) for a specific land cover type. This product can simulate a scene in a
forest ecosystem using a radiation transfer model and considers the impact on spatial
heterogeneity inside the forest canopy. Therefore, NDVI provides high accuracy and reliability
in simulating the LAI in a forest ecosystem.(!319) A total of 15 MODIS LAI products, obtained
for the period of March 31, 2017 to November 2, 2017 with 8-day temporal resolution and 500 m
spatial resolution, were used in this study. To match the forest plot survey data, LAI products
were resampled into images with a spatial resolution of 20 x 20 m2. As the estimated data of the
forest vegetation coverage ratio, the MODIS forest coverage product (MOD44B) was estimated
using a classification and regression tree based on multi-temporal matrices in one year, with a
root mean square error (RMSE) of approximately 9.06% in the quality report. One MODIS-FVC
product, obtained on March 7, 2017 at a spatial resolution of 200 m, was downloaded for this
study. This product was resampled to a spatial resolution of 20 x 20 m? to match the forest plot
survey data. The MODIS GPP product (MODI17A2H) is the accumulated 8-day GPP value
estimated with the light energy utilization model using the photosynthetically active radiation
ratio data obtained from meteorological and remote sensing data, with a spatial resolution of 500
m. In this study, 25 MODIS GPP products were downloaded for the period of April 8, 2017 to
October 25, 2017. These products were also resampled to a spatial resolution of 20 x 20 m? and
used as reference data to verify the reliability of the NPP simulated using the physiological
principles predicting growth (3-PG) model.

2.2.3 Soil data

The mineral and organic matter content of the soil directly affects the photosynthetic rate of
forest vegetation, in addition to the soil water content and other environmental factors. In the
3-PG model, data on soil properties mainly include information on soil fertility and water
content. Soil fertility is mainly based on the modified Nemerow composite index method, and
the fertility class of soil is calculated using the nitrogen, phosphorus, potassium, and organic
matter contents of the soil. Soil water content was mainly obtained by calculating the average
monthly humidity, temperature, and rainfall, and the average rainfall in the previous month.

2.2.4 Meteorological data

The climatic data required for forest estimation were obtained from 81 meteorological
stations in Heilongjiang Province, which includes the mean daily total solar radiation, mean
temperature and saturation vapor pressure difference (VPD), monthly rainfall, and frost days.
The actual monthly meteorological data and monthly average data from long-term observations
were used in the 3-PG model. In this study, meteorological data were spatially interpolated using
Kriging interpolation based on the geographic coordinate of a meteorological station. The
geometric spatial distribution of meteorological stations is presented in Fig. 3.
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Fig. 3. (Color online) Geometric spatial distribution of meteorological stations in Heilongjiang province.

3. Method

The proposed methodological framework for NPP estimation is described in Fig. 4. For the
forest NPP estimation, a 3-PG model driven by remote sensing data was established with LAI,
FVC, soil fertility, water content, mean daily total solar radiation, mean temperature and
saturation VPD, monthly rainfall, and frost days. Then model evaluation was carried out using
the NPP derived from MODIS. Moreover, the analysis was developed from monthly variations in
NPP and related influencing factors.

3.1 NPP estimation model

The 3-PG model, the most widely used process-based growth model,(!>-19) is constructed with
a set of well-established principles and certain fixed constants. The model can simulate the
actual growth of forest stands with few parameters and obtain the required parameters combined
with remote sensing data, enabling the estimation of forest growth in large areas.

Environmental factors were considered through multiplicative modifiers based on stand age,
temperature, frost days per month, atmospheric vapor pressure deficit, available soil water, and
soil nutrition in the 3-PG model, as tree productivity is affected by all these modifiers. Therefore,
the input data of the model included meteorological, forest-field, and soil data, biophysical
variables derived from remote sensing data, and parameters. To calculate the modifiers of
temperature, frost, water pressure difference, and soil water content on photosynthesis, we
collected monthly meteorological data, such as frost days, maximum, average, and minimum
temperatures, total precipitation, and average humidity. In this study, the modifier of site
nutrition was calculated from the nitrogen, phosphorus, and potassium contents and soil organic
matter. The age modifier was calculated on the basis of stand age derived from forest inventory
data.

The 3-PG model includes a specific set of parameters for each tree species. In this study, all
these parameters (Tables 1 and 2) were determined using the same or similar tree species from
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Fig. 4. (Color online) Methodological framework for forest NPP estimation.

Table 1
Parameters used in this study.

Parameter description Symbol Unit
Extinction coefficient for absorption of Photosynthetically x o
Active Radiation (PAR) by canopy
Maximum canopy quantum efficiency 0oCx molC/molPAR
Minimum temperature for growth Tmin °C
Optimum temperature for growth Topt °C
Maximum temperature for growth Tmax °C
Days production lost per frost day kF days
Value of fyg when FR =0 fNO —
Value of nfy when FR =0 nfN —
Defines stomatal response to VPD kD 1/mBar
Maximum stand age used in age modifier MaxAge years
Power of relative age in function for f;g, Nage —
Relative age to give fuge = 0.5 Tage —
Table 2
Parameter values in 3-PG for six typical tree species.
Parameter description Tree species

LAKU PIMA ABCR PISI PODO BESU
Extinction coefficient for absorption of PAR by canopy (k) 0.5 0.5 0.5 0.52  0.779  0.565
Maximum canopy quantum efficiency («Cx) molC/molPAR 0.05 006 0.06 005 008 0.012
Minimum temperature for growth (75,,,/°C) -2 =5 =5 =5 10 8.5
Optimum temperature for growth (7,,/°C) 17 12 12 15 30 24.5
Maximum temperature for growth (7;,4,/°C) 38 35 35 35 48 36
Days production lost per frost day (kF) 1 1 1 1 1 1
Value of fg when FR =0 1 0.3 0.3 0.6 0.26 1
Value of nfy when FR =0 1 1 1 1 1 0
Defines stomatal response to VPD (kD) 1/mBar 0.05 0.05 0.05 0.05 0.05 0.05
Maximum stand age used in age modifier (MaxAge) years 300 300 300 300 0.05 0.05
Power of relative age in function for fuge (14ge) 4 4 4 4 4 4
Relative age to give fuge = 0.5 (Fage) 0.95 0.95 0.95 0.75 0.95 0.95
Extinction coefficient for absorption of PAR by canopy (k) 0.5 0.5 0.5 0.52  0.779 0.565
Maximum canopy quantum efficiency (¢Cx) molC/molPAR 005 006 0.06 005 008 0.012
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previous studies. The parameters included biomass distribution and turnover, as well as
temperature, frost, soil fertility, and vapor pressure deficit modifiers.

3.2 Model evaluation

The MODIS GPP and previous research results were used to evaluate the performance of the
3-PG model based on remote sensing data. Studies demonstrated the effectiveness of MODIS
GPP products in most plant communities.(!”) The results were assessed by comparing the
predicted values with the NPP derived from the MODIS GPP product, using the determination
coefficient (R?). Additionally, the results of previous studies were used for further evaluation and
analysis.

4. Results
4.1 Accuracy assessment of NPP estimation

In this study, the GPP of six typical tree species was estimated using a 3-PG model driven by
remote sensing data. Combined with the spatial geographical coordinates of the sample plots, the
estimated GPP value derived from 3-PG and that from mod17a2 in the corresponding sample
plot geospatial area were extracted using ArcGIS software. A study'® has revealed that the ratio
of NPP to GPP for trees is approximately 0.5. Therefore, GPP was converted to NPP on the basis
of this ratio coefficient in this study. The NPP estimation results are presented in Table 3.

As shown in Table 3, the NPP value of BESU estimated with the 3-PG model ranges from
4.11 to 7.97, with an average of 6.79, whereas that derived from the MODIS product ranges from
3.60 to 4.78, with an average of 4.18. The comparison reveals that NPP derived from MODIS is
underestimated. The PISI NPP value estimated with the 3-PG model ranges from 2.39 to 6.15,
with an average of 4.37, whereas that acquired from the MODIS product ranges from 3.47 to
4.98, with an average of 4.24. Although the NPP mean value estimated with the 3-PG model
differed only slightly from that derived from the MODIS products, the NPP value range

Table 3

Results of NPP estimated using 3-PG and derived using MODIS product.

Tree species NPP Mean (tha a') Max (tha a') Min (tha 'a )
3-PG 6.79 7.97 4.11

BESU MODIS 4.18 478 3.60

PISI 3-PG 4.37 6.15 2.39

MODIS 4.24 4.98 347

3-PG 4.97 6.93 3.02

ABCR MODIS 4.21 4.59 3.75
3-PG 6.12 9.37 2.70

LAKU MODIS 4.36 5.49 3.71
3-PG 9.17 12.00 5.67

PODO MODIS 4.49 5.20 3.93

PIMA 3-PG 4.99 6.96 1.93

MODIS 4.24 5.12 3.29
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estimated with the 3-PG model was slightly larger than that from the MODIS products. For
ABCR and PIMA, which belong to the Pinaceae evergreen tree family, the NPP values estimated
with the 3-PG model range from 3.02 to 6.93 and 1.93 to 6.96, respectively, with respective mean
values of 4.97 and 4.99, whereas the NPP values estimated with the MODIS product range from
3.75 to 4.59 and 3.29 to 5.12, respectively, with respective mean values of 4.21 and 4.24. The NPP
value range derived from the MODIS product was smaller with a lower mean. For LAKU, the
NPP estimated with the 3-PG model ranges from 2.70 to 9.37, with an average of 6.12, whereas
the same derived from the MODIS product ranges from 3.71 to 5.49 with an average of 4.36. The
NPP values for PODO estimated with the 3-PG model ranged from 5.67 to 12.00 with an average
of 9.17, whereas those from MODIS ranged from 3.93 to 5.20 with an average of 4.49. It can be
observed that the NPP of PODO derived from MODIS products is underestimated.

To further verify the reliability of the 3-PG model in estimating the NPP of six typical tree
species in Northeast China, the correlation between NPP values estimated with the 3-PG model
and those derived from the MODIS product was calculated, as illustrated in Fig. 5. As evident
from Fig. 5, there is an excellent correlation between the NPP values estimated with the 3-PG
model and MODIS product. PODO, ABCR, and BESU exhibit the highest correlation
coefficients of 0.5462, 0.4793, and 0.4434, respectively. This is followed by PISI, PIMA, and
LAKU, with correlation coefficients ranging from 0.4010 to 0.4073. The NPP value estimated
with the 3-PG model was higher than that from the MODIS product, which may be attributable
to the difference in the data source or data acquisition time between the MODIS product and the
NPP estimation.

To further illustrate the reliability of the NPP estimation, the NPP values estimated with the
3-PG model and those from previous studies were comparatively analyzed. Li et al.(1) simulated
the NPP of ABCR in Miyaluo, Sichuan, for the period of 1954 to 2008 using the BIOME-BGC
model and obtained values ranging from 4.99 to 5.64, with an average of 5.27. Hong®®? studied
the NPP of PIMA natural stands and obtained an average NPP of 5.66. The average NPPs of
ABCR and PIMA estimated with the 3-PG model in this study were 4.97 and 4.99, respectively,
which are similar to the existing research results. Headlee et al.?) estimated the NPP of PODO
in Minnesota and Wisconsin, USA, using the 3-PG model and obtained values ranging from 4.4
to 13.0, and an approximate average NPP of 8.15 for PODO in a Wawushan forest farm was
obtained using an improved CASA model with Landsat TM imagery, meteorological data, and
forest inventory data. The NPP value of PODO estimated in this study ranged from 5.67 to 11.99,
with an average of 9.17. It is evident that the PODO NPP results in this study are reasonable.
Xie et al.?? estimated the NPP of LAKU using the 3-PG model; the values ranged from 2.73 to
8.45, with an average of 5.78. This is similar to the estimates of LAKU NPP in this study.
Wu et al.®® obtained a simulated NPP range of 4.73-7.03 for broad-leaved PISI in Changbai
Mountains using the BIOME-BGC model, with an average of 6.12. The NPP values for PISI
estimated in this study ranged from 2.36 to 6.15, with an average of 4.73, which are lower than
those estimated in a previous study because broad-leaved PISI is a mixed forest of coniferous
and broad-leaved forests. The average NPP of BESU estimated was 6.28, similar to the NPP of
the BESU estimated in this study.(>¥
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Fig. 5. (Color online) Correlation between predicted NPP vs MODIS NPP for six typical tree species. (a) B.
platyphylla Sukaczev, BESU. (b) P. koraiensis Sieb, PISI. (c) A. fabri Craib, ABCR. (d) L. gmelinii Kuzen, LAKU.
(e) P. davidiana Dode, PODO. (f) P. asperata Mast, PIMA.
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4.2 Monthly variation in NPP for six typical tree species

The forest vegetation does not perform any photosynthesis in the 3-PG model when the
ground temperature drops below 0 °C.19) According to the meteorological data of the study area,
it can be concluded that the forest vegetation growth period begins in early May and ends in late
September. Therefore, the forest NPP was zero from January to April and from October to
December. Figure 6 illustrates the variation in forest NPP from January to December.

As depicted in Fig. 6, the monthly NPP variation trends are consistent from January to
December, first increasing, reaching the maximum value, and then decreasing gradually.
Because the ground temperature dropped below 0 °C from October to April of the following
year, the NPP was 0. The NPP gradually increased from May, reached a maximum around July,
and then gradually decreased until it reached zero in October. Additionally, it can be observed
that the monthly NPP for broad-leaved forests (PODO and BESU) is greater than that for
coniferous forests (LAKU, PISI, PIMA, and ABCR). PODO exhibited the highest monthly NPP
of 4.73 in July, followed by 3.53 of BESU in July. The lowest monthly NPP values of 1.89, 1.90,
and 1.94 were observed for ABCR, PIMA, and PISI, respectively.

4.3 Analysis of factors influencing monthly variation in forest NPP

In the 3-PG model, the environmental factors affecting the photosynthesis of forest vegetation
mainly include temperature, frost days per month, soil nutrition, atmospheric vapor pressure
deficit, available soil water, and stand age. The growth period of forest vegetation was mainly
concentrated from May to September. Therefore, the impact of environmental factors on the
monthly variation in forest NPP during this period was analyzed. The frost-free period at the
study site is also mainly concentrated from May to September; therefore, the frost in this period
has no effect on the growth of forest vegetation, that is, the value is 1. Owing to the small
differences in soil types and meteorological conditions within the geographic region where the
sample plot data were located, the differences between the growth modifiers of available soil
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Fig. 6.  (Color online) NPP of six typical tree species from January to December.
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water and atmospheric vapor pressure deficit for different forest types were small. The average
values of available soil water and atmospheric vapor pressure deficit in different forest types
were analyzed.

As illustrated in Fig. 7, the value of available soil water mainly ranges between 0.0468 and
0.1752 and is a factor limiting forest growth. The value in May had the strongest influence on
limiting the forest growth. In Fig. 8, the value of the atmospheric vapor pressure deficit mainly
ranges from 0.9488 to 0.9679, indicating that it has little effect on the photosynthesis of forest
vegetation at the study site. The growth temperature is different for different forest types;
therefore, the effect of temperature on photosynthesis for different forest types is also different.

As illustrated in Fig. 9, the effects of temperature on photosynthesis in broad-leaved (BESU
and PODO) and coniferous (PISI, ABCR, LAKU, and PIMA) forests are quite different from
May to September. The effect of temperature on the photosynthetic production of broad-leaved
forests gradually decreases from May, is the smallest between July and August, and then
gradually increases. In addition, temperature has a greater impact on the photosynthetic
production of poplar than that of birch. The effect of temperature on the photosynthetic
production of coniferous forests gradually increases from May, reaches a maximum between
July and August, and then gradually decreases. Overall, low temperature has a greater impact on
the photosynthetic production of broad-leaved forests, and high temperature has a greater impact
on the photosynthetic production of coniferous forests. Figure 10 depicts the age growth
modifiers for these forest types.

As illustrated in Fig. 10, the values of age growth modifiers are mainly distributed between
0.9496 and 0.9998, indicating that age has little effect on photosynthetic production for different
forest types at the study site. In addition, in Fig. 11, the values of soil nutrition growth modifiers
are mainly distributed between 0.8526 and 1, which demonstrates that soil nutrition has a certain
effect on the photosynthetic production of ABCR, PODO, and PIMA, but less of an effect on the
photosynthetic production of other forest types.
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5. Discussion

The 3-PG model has been widely used to estimate the NPP of different forest types.>>)
However, few groups have simultaneously applied the model to estimate NPP for multiple forest
types in Northeast China. In this study, a 3-PG model based on remote sensing data was explored
to estimate the NPP of six forest types in Northeast China and highly reliable estimates were
obtained.

The development and application of coupling process models with remote sensing have been
greatly promoted to provide the richness and easy transformation of spatial scales in remote
sensing data. To fully utilize remote sensing data in simplifying the complex forest growth
process mechanism model and estimating large-scale forest NPP, a method based on the coupling
3-PG model with remote sensing was proposed in this study. Ecological parameters derived
from remote sensing data were used as the input of the 3-PG model to estimate the NPP of
different forest types. The reliability of the model was verified by comparing the results of the
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NPP estimation in this study with the corresponding MODIS NPP products and the results of
similar research studies.

The forest NPP formation process is extremely complex and is affected by several factors,
including the physiological and ecological factors of the forest vegetation itself, as well as a large
number of complex environmental factors, such as soil and climate. In reality, incorporating all
environmental factors and ecological and physiological processes into the NPP estimation model
is difficult at a regional or global scale. Generally, simplification of the entire forest’s ecological
and physiological processes results in differences between the simulated results and the real
values. Currently, dozens of NPP estimation models are available, and the estimation results
vary greatly in spatial distribution and value.(*®) The input and control parameters are frequently
different in different NPP estimation models. Even for consistent input and control parameters,
the estimation results vary significantly with different model algorithms, input data sources, and
spatial resolutions. In addition, GPP is closely coupled with land surface energy and water cycles
through vegetation stomatal controls. Therefore, uncertainties of land energy/water/carbon
cycles originating from the model structure, input data, and model parameterizations can all
affect GPP or NPP estimation.?’39 For example, the NPP estimation results obtained by
different researchers can vary by nearly eight times in China. Simultaneously, most NPP model
verification methods are comparative analyses of estimation results, and there is no unified on
appropriate verification method, which is an important research direction in the future.®

An uncertainty analysis for NPP estimates was performed because of a few uncertainties
observed in the NPP estimation results when using the process-based model. Uncertainty mainly
originates from several aspects, such as sample plot data, model method, input parameters, and
spatial scale expansion. The uncertainty of the sample plot data can be caused by measurement
errors in forest age, tree height, or DBH during the field survey. The errors mainly arise from the
differences in the accuracies of the measurement instruments, measurement conditions of the
sample plot, or human factors. Different models consider different structures and applicable
conditions and produce different accuracies during NPP estimation. Therefore, there is a
difference between the estimation results obtained from the 3-PG model and the MODIS
product. The reliability and accuracy of the NPP estimation model depend on an in-depth
understanding and mastery of the physiological and ecological processes of vegetation. Reliable
estimation results can be obtained via parameter calibration and model simplification. The data
sources of the 3-PG model included meteorological data, soil data, forest type attribute data, and
LAI derived from remote sensing data. The source, consistency, precision, reliability, and
temporal and spatial scales of these data all have an impact on the NPP estimation results.

Most studies have focused on the NPP estimation of one tree species or forest type, and few
have concentrated on estimating the NPP for multiple forest types. In this study, the monthly
NPP variation for six typical tree species was determined. The trends of NPP monthly variation
for the six typical tree species were similar because they are related to climatic conditions and
the natural environment of the study site. Overall, the NPP of broad-leaved forests was greater
than that of coniferous forests, which is consistent with the research results.?) PODO had the
highest NPP among the six typical tree species. Comparative analysis of the monthly forest NPP
variation can provide guidance for forest resources management and ecological construction.



Sensors and Materials, Vol. 35, No. 1 (2023) 149

An analysis of the factors affecting the monthly variation in forest NPP at the study site can
provide a basis for forest resource management. Most studies have been concentrated on
analyzing the impact of environmental factors on an annual scale or in different seasons between
years, and few studies have been on the analysis of the impact of environmental factors on a
monthly time scale. In this study, we analyzed the impact of environmental factors on forest
NPP and found with temperature and available soil water to exert the greatest impact on forest
NPP, consistent with the observations.(?

6. Conclusions

The mechanism of the ecological-process-based model is complex and involves several input
parameters, affecting its popularization and application over a large area. Taking into
consideration the rich information provided by remote sensing data can simplify the estimation
model and allow better transformation of the spatial scale. In this study, a remote sensing-3-PG
process coupling model was proposed, which can efficiently and reliably estimate NPP at the
regional scale and provide data support for understanding the carbon balance of ecosystems at
the national/regional scales and for responding to global climate change. Different geographical
environments for the same forest type may lead to differences in input parameters when
estimating forest NPP. The parameters of the 3-PG models for different forest types used in this
study were obtained from existing research results. Therefore, further research is required to
estimate the input parameters of different forests types in different areas for optimizing the
parameters and NPP estimation results.
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