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High-Resolution Mapping of Gross Primary
Production in Northeast China Using

Landsat-8/9 and Sentinel-2 A/B
Xiaoyan Ma , Li Pan , and Haoming Xia

Abstract—Accurately estimating gross primary production
(GPP) in terrestrial ecosystems is crucial for gaining a deeper
understanding of the carbon cycle within the ecosystem and for
predicting climate change. Although many GPP datasets are avail-
able, they often have low resolution, typically around 500 m or
lower, which restricts their effectiveness in monitoring fragmented
croplands and areas with high heterogeneity. In this study, we
utilized optical satellite data from Landsat-8/9 and Sentinel-2A/B,
along with meteorological data from ERA5, to generate a GPP
dataset with a spatial resolution of 30 m for three provinces in
Northeast China. This dataset was developed based on the Vegeta-
tion Photosynthesis Model and exhibited robust validation results
when compared with SIF data and other existing GPP datasets. It
provides a high-resolution GPP product that significantly enhances
the precision of carbon cycle research in Northeast China. This
research underscores the feasibility of producing high spatial reso-
lution GPP products using Landsat-8/9 and Sentinel-2A/B optical
satellite data. The resulting dataset offers a more refined GPP
estimate for studies related to the terrestrial carbon cycle.

Index Terms—Gross primary Production (GPP), image
integration, mapping, vegetation photosynthesis model (VPM).

I. INTRODUCTION

GROSS primary Production (GPP) refers to the amount
of carbon dioxide (CO2) from the atmosphere that is

fixed into organic compounds by terrestrial plants through net
photosynthesis, also known as total primary productivity. GPP
determines the initial matter and energy entering terrestrial
ecosystems and plays a key role in carbon balance, reflecting
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the ability of terrestrial ecosystems to offset anthropogenic CO2

emissions [1]. Due to the susceptibility of photosynthesis to
natural disasters such as droughts, floods, frosts, and hurri-
canes, accurate estimation of GPP can yield critical insights
into ecosystem responses to extreme environmental events [2],
[3], [4], [5]. Considering the pivotal role that Gross Primary
Production (GPP) plays in ecosystem dynamics, coupled with
the increasing imperative to comprehend the terrestrial bio-
sphere’s contribution to the carbon cycle, acquiring a compre-
hensive understanding of the spatiotemporal patterns of GPP is
of paramount importance [6], [7], [8], [9], [10].

Since the 1980s, various methods for estimating GPP have
been developed, which can be broadly categorized into four
categories: the enzyme kinetic models [11], [12], the light use
efficiency (LUE) models [13], [14], [15], machine learning
techniques based on eddy covariance measurements [16], [17],
[18] and methods using solar-induced chlorophyll fluorescence
(SIF) [19], [20]. The inherent simplicity of the LUE model,
coupled with its minimal input requirements, renders it a highly
favored approach for remote sensing applications. LUE models,
which are underpinned by satellite remote sensing data, offer
the capability to deliver products with high temporal and spatial
resolution. This characteristic renders them particularly suitable
for large-scale GPP estimation, facilitating comprehensive
environmental monitoring and ecosystem management
[8].

The GPP estimated by LUE models is the product of LUE
and the absorbed photosynthetically active radiation (APAR) by
plants. Traditional LUE models typically assume a uniform LUE
across a specific biological community, while APAR represents
the energy absorbed by the entire canopy [14]. However, recent
studies have shown that the photosynthetic capacity is not only
affected by leaf quantity (leaf area index, LAI) but also by
leaf quality (the photosynthetic rate of each leaf) [21], [22].
This is mainly related to the chlorophyll and nitrogen content
of the leaves [23], [24], leading to variations in APAR even
among plants with the same LAI. Recent research indicates that
the fraction of photosynthetically active radiation absorbed by
chlorophyll (fPARchl) can better capture the seasonal changes
in vegetation photosynthetic capacity, significantly improving
the seasonal representation of GPP [25], [26]. The vegetation
photosynthesis model (VPM), based on this theory, has shown
excellent results in large-scale GPP estimation [8], [27], [28],
[29].
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Fig. 1. (a) Land cover classification and (b) elevation.

The current mainstream GPP products have a spatial reso-
lution of mostly 500 m [8], [14], [30], [31], which is quite
limited for monitoring fragmented croplands (CRO) or areas
with high heterogeneity. Compared to satellites like MODIS
with moderate spatial resolution, the Landsat series of satellites
offer a resolution of 30 m, providing more detailed spatial infor-
mation. However, their 16-day revisit period limits their ability to
distinguish crop phenology. The Sentinel-2 system, consisting
of two satellites (Sentinel-2A and Sentinel-2B), has a revisit
period of 5 days. Thus, the fusion of Landsat and Sentinel-2
data can yield an image dataset with high spatial and temporal
resolution, leading to the generation of GPP products with a
30-m spatial resolution. This is extremely helpful for obtaining
phenological information on crops and studying their growth
conditions. Additionally, high-resolution data are required in en-
vironmental monitoring and precision agriculture management
to obtain detailed information [6], [32], [33]. Therefore, there
is an urgent need for high spatial resolution GPP products for
accurate estimation of terrestrial plant GPP.

The objective of this study is to develop a 30-m spatial
resolution GPP product for Northeast China using data from
Landsat-8/9 and Sentinel-2 A/B satellites, employing the VPM
model. This study also involves the comparative analysis and
validation of the GPP product, assessing the efficacy of fused
high-resolution satellite data in the estimation of GPP products.
Some studies have shown that SIF contains information about
APAR and LUE [34], [35], [36], which are closely related to the
VPM model. Therefore, we compared the GPPVPM dataset with
the GOSIF product [see Fig. 5(a)] and also compared the APAR
[see Fig. 5(d)] used in producing the GPPVPM with the GOSIF
product. The innovation of this study lies in the production of the
first 30-m, 8-day GPP dataset for Northeast China. This dataset
integrates Landsat-8/9 and Sentinel-2A/B data sources with
ERA5 meteorological reanalysis data. Additionally, it utilizes
land cover and crop distribution maps to generate high-precision
C3/C4 pixel proportion layers, enhancing the estimation accu-
racy of the VPM model. Compared to existing coarse-resolution
datasets, this dataset is more suitable for agricultural regions
with surface spatial heterogeneity and fragmented landscapes.
Furthermore, it serves as a model for the future production of
high spatial resolution GPP products.

TABLE I
DATASETS USED IN THIS STUDY AND THEIR SPECIFICATIONS

II. MATERIALS AND METHODS

A. Study Area

The study area is located in Northeast China, extending from
38.5°N to 53.6°N and 118.6°E to 135.0°E. This region encom-
passes the provinces of Heilongjiang, Jilin, and Liaoning, collec-
tively covering an expansive area of approximately 7 78 000 km2.
The predominant topography consists of plains and mountains,
with altitudes ranging from 6 to 2667 m, and an average altitude
of 428.35 m. The study area extends across different climate
zones, transitioning from mid-temperate to cold regions from
south to north. It experiences well-defined seasons with periods
of rainfall and heat, typical of a temperate continental monsoon
climate. The primary land cover types within this region include
CRO, deciduous broadleaf forests (DBF), deciduous needle-
leaf forests (DNF), and evergreen needleleaf forests (ENF)
[see Fig. 1].

B. Datasets and Preprocessing

1) Meteorological Data l Data: The meteorological data
used in this study were obtained from the European Centre for
medium-range weather forecasts (ECMWF) climate reanalysis
dataset (ERA5), which includes hourly shortwave radiation and
surface temperature at 2 m above ground (see Table I) [37]. The
temporal resolution of the time series data in this study is 8
days. Therefore, we used the average temperature from 10 A.M.
to 6 P.M. each day as the daytime temperature and then averaged
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these temperatures over every 8 days to create 8-day daytime
temperature data. The shortwave radiation (PAR) data required
unit conversion, as described in the following formula [38]:

PARDT_ERA5 = SWrad × fPAR × β (1)

where SWrad (J m−2) is downward shortwave radiation in the
ERA5 dataset; fPAR= 0.45 is the fraction of SW to PAR [39], β
= 4.56 μmol J−1 is the energy-quanta conversion factor [40].

2) Landsat-8/9 and Sentinel-2A/B Data: Landsat-8 and
Landsat-9 were launched in February 2013 and September 2021,
respectively. They are equipped with the operational land imager
(OLI) and the OLI-2, the revisit cycle for a single Landsat
satellite is 16 days, while the combined revisit period for both
satellites is reduced to 8 days. Sentinel-2 consists of two satel-
lites: Sentinel-2A, launched in June 2015, and Sentinel-2B,
launched in March 2017. These satellites carry a multispectral
instrument (MSI) with spatial resolutions of 10, 20, and 60 m,
and the combined revisit period for both satellites has a revisit
period of 5 days.

The surface reflectance (SR) data utilized inherently com-
pensates for atmospheric effects, including scattering and ab-
sorption. This compensation yields more accurate and consis-
tent representations of the Earth’s surface, an essential factor
for ensuring reliable temporal and spatial comparisons. Such
comparisons are critical for long-term environmental monitoring
and the detection of ecological changes [41]. Consequently, this
study employed all available Landsat-8/9 and Sentinel-2A/B SR
remote sensing data from the study area for the duration of the
research period, constituting our initial image set. The datasets
used in this research are “LANDSAT/LC08/C02/T1_L2,”
“LANDSAT/LC09/C02/T1_L2,” and “COPERNICUS/S2_SR”
in the Google Earth Engine (GEE) platform (see Table I).

Cloud and cloud shadow detection is key to processing opti-
cal remote sensing data. For Landsat-8/9 images, we used the
FMask algorithm in GEE to detect and remove poor-quality
observations in the images, reducing the impact of clouds and
cloud shadows. This method identifies potential cloud pixels
based on the physical properties of clouds and detects cloud
shadows through the dimming effect in the near-infrared band.
For Sentinel-2A/B image data, we used the quality band in the
metadata to identify poor-quality observations in the images.
The metadata identifies observations that include cirrus clouds
and opaque clouds as poor-quality observations, and these are
stored as NODATA in the image to generate a poor-quality
observation mask. High-quality observation images are obtained
by removing clouds and cloud shadows with a cloud mask.

Due to the differences in orbit, spatial, and spectral configu-
rations of sensors, which can affect the physical measurement
values and radiometric properties of images [42], each sensor’s
wavelength may be slightly different. Therefore, it is necessary
to normalize remote sensing reflectance data to obtain compara-
ble results. In this study, ordinary least squares regression coef-
ficients were used to convert MSI bands to OLI band standards.
The bands that need to be processed are ρred and ρNIR. The
regression coefficients for the two MSI bands calculated in this
study are 0.9103 and 0.9701 [43], [44].

Fig. 2. Datasets and workflow of VPM to calculate GPP.

3) Land Cover Data: The VPM model incorporates different
parameters tailored to various biotic communities. The land
cover datasets used here are CLCD [45] and GLC_FCS30_2020
(see Table I) [46]. Because GLC_FCS30_2020 significantly
underestimates CRO, and CLCD has a better recognition effect
on CRO [47], we use CLCD to determine the distribution of
CRO, and the rest is classified according to the classification
results of GLC_FCS30_2020.

C. Methods

1) Reconstructed 30 m Enhanced Vegetation Index and Land
Surface Water Index Data: Fig. 2 shows the workflow to produce
the map of GPP. The enhanced vegetation index (EVI) [48]
and the land surface water index (LSWI) [49] are the two
main input parameters for the VPM. They are calculated based
on the terrestrial reflectance data obtained from the fusion of
Landsat-8/9 and Sentinel-2A/B satellites.

EVI has better sensitivity in the vegetation saturation area,
eliminates soil background signals, and reduces atmospheric
interference, better reflecting the spatial heterogeneity of vege-
tation. The calculation formula is as follows:

EVI = 2.5 × ρNIR − ρred

ρNIR + 6× ρred − 7.5× ρblue + 1
(2)

where ρNIR, ρred, and ρblue represent the near-infrared band
reflectance values, the red band, and the blue band reflectance
values, respectively. The blue band is used to correct the red
band affected by the atmosphere. As the chlorophyll content
in green vegetation increases, more red light is absorbed, more
near-infrared light is scattered due to the arrangement of cell
walls, and the introduction of the blue light band reduces the
impact of aerosols on the red band.

LSWI is a vegetation moisture content index, and the calcu-
lation formula is as follows:

LSWI =
ρNIR − ρSWIR

ρNIR + ρSWIR
(3)

where ρNIR and ρSWIR represent the near-infrared band re-
flectance values and the shortwave infrared band reflectance
values, respectively.

Because the lower temporal resolution of a single sensor may
miss critical phenological changes in vegetation, multisource
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sensor data are used to increase the number of available ob-
servation images during the research period. Considering the
different temporal resolutions and overlapping shooting areas
of the Landsat-8/9 and Sentinel-2A/B satellites, it is possible to
observe more than twice at different times and areas on the same
day, which may lead to abnormal observation values. In addition,
different sensors can also cover the same area within a few days,
and the images generated by this will also cause differences in
EVI or LSWI. Therefore, it is necessary to generate time series
with equal time intervals to reduce the impact of insufficient and
uneven observations. In this article, the maximum value of the
high-quality values of all images on each pixel within 8 days
is calculated as the observation value of the 8-day composite
image. Through this step, the temporal resolution of the dataset
is reconstructed to 8 days.

2) C4 Percentage for CRO and Natural Vegetation: There
are significant differences in solar energy utilization between
C3/C4 plants [52]. C4 plants generally do not exhibit light
saturation effects due to the absence of photorespiration. Many
previous studies have shown that C3/C4 plants should be treated
differently in LUE models [53]. Many models do not consider
the differences between C3/C4 plants, which is one of the main
reasons for the underestimation of GPP in CRO.

In this study, our primary focus is on maize as the represen-
tative of C4 crops, due to the relatively minor cultivation area
and the complexities involved in accurately quantifying other C4
crops. We refer to the distribution of maize in other studies (see
Table I) [50] to obtain the proportion of C4 crops. For natural
vegetation, we use the C4 proportion in the International Satellite
Land Surface Climatology Project (ISLSCP II) [51] C4 dataset
for calculation (see Table I).

RatioC4 =
C4 crop percentage

Total crop percentage
(4)

where the C4 CRO is obtained from the CDL, and the total
CRO is obtained from the proportion of CRO in CLCD. The
C4 proportions for grasslands, sparse shrublands, wetlands, and
natural vegetation are determined according to the values in the
ISLSCP II C4 dataset.

3) VPM Model: The VPM model calculates GPP as the
product of light absorption by chlorophyll of the vegetation
(APARchl) and the efficiency (εg) that converts the absorbed
energy to carbon fixed by plants through photosynthesis

GPP = APARchl × εg (5)

where APARchl is the product of photosynthetically active ra-
diation (PAR) and εg is the efficiency of carbon fixation by
photosynthesis

APARchl = PAR × fPARchl (6)

where PAR is obtained from ERA5 data, and fPARchl is the
fraction of PAR absorbed by chlorophyll, which is a linear
function of EVI, the formulas are as follows [49]:

fPARchl = EVI − 0.1. (7)

The εg is primarily influenced by temperature limitations
(Tscalar) and water stress (Wscalar), and the formulas are as

TABLE II
BIOME SPECIFIC LOOKUP-TABLE

follows:

εg = ε0 × Tscalar ×Wscalar (8)

where ε0 and Tscalar are based on biomes. ε0 values can be
found in Table II, it is the maximum value of the efficiency that
converts the absorbed energy to carbon fixed by plants through
photosynthesis. For CRO and C4-containing natural vegetation,
ε0 is calculated based on the ratio of C3 to C4 plants using a
weighted average. The formulas for Tscalar and Wscalar are as
follows:

Tscalar =
(T − Tmax)× (T − Tmin)

(T − Tmax)× (T − Tmin)− (T − Topt)
2 (9)

Wscalar =
1 + LSWI

1 + LSWImax
(10)

where LSWImax is calculated based on the 90th percentile of
annual LSWI. T, Tmax, Tmin, and Topt, respectively, represent
the daytime average temperature, the highest temperature for
photosynthesis, the lowest temperature for photosynthesis, and
the optimal temperature for photosynthesis. T is derived from
ERA5 daytime average temperature, while the other three pa-
rameters are biome-specific and can be found in Table II.
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Fig. 3. (a) Total annual GPP and (b) maximum daily GPP for the study area
in 2022.

III. RESULTS

A. Annual Map of 30 m GPP Across Northeast China in 2022

Fig. 3 shows the annual and maximum daily GPP at a 30-m
spatial resolution for the study area in 2022. The average annual
GPP for the three northeastern provinces of China was calculated
to be 1402.62 gC·m−2 day−1. Notably, the highest annual GPP
was predominantly observed in the southwestern and eastern
mountainous areas [see Fig. 3(a)], where primarily characterized
by DBF. Conversely, the lowest annual GPP was recorded in
the western part of the study area, where sparse herbaceous
vegetation predominates. In terms of daily GPP, the highest
values were recorded in the southwestern and northeastern
mountainous regions [see Fig. 3(b)], again largely covered by
DBF. One reason for the inconsistent spatial distribution is the
existence of fallow periods in CRO, leading to high daily GPP
values but low annual GPP. This phenomenon is also evident in
the frequency distribution plot in Section III-B. You can obtain
the dataset online.1

B. Frequency Distribution of Annual Total GPP and Daily
Maximum GPP in Northeast China

The frequency distribution of the annual total GPP and daily
maximum GPP, as determined by GPPVPM, of the main land
cover types can be found in Fig. 4, with the red line indicating
the corresponding average value. The highest annual total GPP,
mainly ranging between 1200 and 1800 gC·m−2 year−1 with an
average of 1553.85 gC·m−2 year−1, was observed in DBF. The
highest daily maximum GPP, primarily ranging between 10 and
15 gC·m−2 day−1 with an average of 12.77 gC·m−2 day−1, was
observed in CRO.

C. Accuracy Assessment for the 2022 GPP Map

We conducted a comprehensive comparison of the GPPVPM

dataset against the GOSIF product, as illustrated in Fig. 5(a),
and analyzed the APAR used in the GPPVPM’s production
against the GOSIF product, detailed in Table I. Furthermore, we
evaluated the GPPVPM dataset alongside other GPP datasets,
including MOD17A2H [see Fig. 5(c)] and GOSIF GPP [see

1[Online]. Available: https://www.scidb.cn/s/QJBzAz.

Fig. 4. (a), (c), (e), (g), (i) Frequency distribution graphs of annual total GPP
and (b), (d), (f), (h), (j) daily maximum GPP for the main land cover types as
determined by GPPVPM, with the red vertical line representing the average
value.

Fig. 5. Spatial distribution and frequency statistics of R2.

https://www.scidb.cn/s/QJBzAz
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Fig. 5(b)], through a correlation analysis involving 46 8-day
composite datasets per pixel. This analysis calculated the coef-
ficient of determination (R2) for each pixel, resulting in a spatial
distribution of R2 values. The correlation outcomes reveal that
the R2 value, indicative of the dataset concordance, for GPPVPM

versus GOSIF hovers around 0.85. A similar R2 value of approx-
imately 0.85 is observed when comparing GPPVPM with GOSIF
GPP. The comparison between GPPVPM and MOD17A2H GPP
datasets yields a slightly higher R2 of around 0.9, whereas the
R2 for APAR versus GOSIF is about 0.75. These R2 values fall
within an acceptable range, underscoring the satisfactory nature
of our validation results.

IV. DISCUSSION

A. Potential of Landsat-8/9 and Sentinel-2 A/B in Estimating
GPP Products

In regions characterized by fragmented CRO or significant
heterogeneity, GPP datasets derived from imagery with coarser
spatial resolutions (>500 m) may struggle to accurately dis-
tinguish between different land cover types, introducing uncer-
tainties into GPP assessments [54]. However, the reconstruction
of continuous, high-resolution datasets (30 m), such as that
from Landsat-8/9 and Sentinel-2 A/B, could generate reliable
and high-resolution GPP data. Meanwhile, unlike commercially
available optical data from platforms like WorldView, GeoEye,
QuickBird, and IKONOS, which are costly and challenging to
access, Landsat-8/9 and Sentinel-2 A/B provide high-resolution
data free of charge [55].

This study focuses on the year 2022 to demonstrate the gener-
ation of GPP data for Northeast China. The abundance of images
and the quality of observational data bolstered the scientific
validity and accuracy of the GPP data generated using the VPM.
The comparative and validation analyses conducted with other
datasets yielded satisfactory results. Areas with lower R2 values
are distributed in the plains of the western and northeastern parts
of the study area, where the main land cover type is CRO. The
possible reason is that GPPVPM dataset provides more detailed
results in highly heterogeneous areas such as CRO compared to
coarse-spatial resolution datasets. With the anticipated increase
in freely available Landsat-9 satellite data, future research could
extend GPP dataset production to cover broader areas and ad-
ditional years. This expansion would facilitate the examination
of temporal and spatial variations in plant GPP at a high spatial
resolution over extended periods, offering valuable insights into
ecosystem dynamics.

B. Improvements in Model Input Data

We tried to improve the VPM input data reported by VPM
v2.0 [8] in three ways: first, VPM v2.0 uses NCEP Reanal-
ysis II climate data. However, this study uses climate reanal-
ysis data from the ECMWF, known as ERA5. Compared to
NCEP reanalysis II, ERA5 has a higher spatial and temporal
resolution, providing more detailed and refined meteorological
data. Its spatial resolution in the horizontal direction is 0.25°

(about 25 km), and the temporal resolution is hourly. This
enables ERA5 to provide more refined geographic information
and more accurate meteorological changes. Additionally, ERA5
uses more advanced physical parameterization schemes and
improved modeling techniques, which help better simulate the
behavior of the atmosphere and earth systems [37]. This makes
the simulation of climate and meteorological processes by ERA5
more accurate. The comparative validation of the final GPP data
also shows that the GPP products calculated using the ERA5
climate dataset perform well. Second, the land cover datasets
used here are CLCD and GLC_FCS30_2020, they all have a
spatial resolution of 30 m, which enables better differentiation
of various biomes. Besides, CLCD has been proven to exhibit
high accuracy in classifying CRO in China [47]. Finally, the
prevailing assumption regarding C4 crops has been a simplistic
division, presuming an equal representation of C3 and C4 crops
[8]. In contrast, this study employs the CDL dataset specifically
categorizing C4 crops [50]. All of these improvements are aimed
at enhancing the accuracy of GPP estimation results.

C. Uncertainty

Although we have merged images from Landsat-8/9 and
Sentinel-2A/B, the presence of clouds and cloud shadows makes
it challenging to guarantee a satellite image for each pixel
every 10 days [42]. In cases of missing images, we employ
linear interpolation for filling, but this method only ensures the
continuity of the data time series. Linear interpolation may lead
to underestimation or overestimation of data at turning points,
thereby causing GPP to be too large or too small, introducing
certain uncertainties. Additionally, for the C4 crop, our primary
focus is on maize, which may add uncertainties in the compu-
tation of other C4 crops. Moreover, the ISLSCP II C4 dataset is
quite old and has a lower spatial resolution, adding uncertainties,
yet it is the best estimate of C4 vegetation distribution currently
available. Furthermore, the absence of ERA5 data in coastal
areas [37], such as around the city of Dalian, results in the lack
of GPP for some pixels in these regions.

V. CONCLUSION

Accurate estimation of GPP in terrestrial ecosystems is pivotal
for enhancing our understanding of the ecosystem carbon cycle
and aiding climate change predictions. This study leverages
optical satellite data from Landsat-8/9 and Sentinel-2A/B, com-
bined with ERA5 meteorological data, to generate a GPP dataset
for Northeast China in 2022. Utilizing the VPM model, we
achieved a 30-m spatial resolution, offering a refined and reliable
assessment of GPP for the region’s natural vegetation and CRO.
Validation against SIF data and comparison with other GPP
datasets confirmed the robustness of our results.

Our research underscores the potential of utilizing Landsat-
8/9 and Sentinel-2A/B optical satellite data for crafting high
spatial resolution GPP products. Such an approach is particularly
beneficial for capturing GPP dynamics in areas characterized
by high heterogeneity and fragmented CRO. This work sets a
precedent for future high-resolution GPP product development
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on a global scale. Looking ahead, the anticipated increase in
Landsat-9 data availability will facilitate more comprehensive
analyses of temporal and spatial variations in plant GPP, offering
deeper insights into ecosystem processes over extended periods.
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