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Abstract. Gross primary productivity (GPP) represents the total carbon fixed by plants via photosynthesis, which 25 

is a fundamental component of the terrestrial carbon cycle.  Yet its accurate estimation remains highly uncertain 

in regions with strong climate variability and ecosystem heterogeneity. In particular, monsoon-driven ecosystems, 

such as those across India, represent one of the most challenging and under-evaluated environments for global 

GPP products due to pronounced hydroclimatic variability, diverse vegetation types, and intensive land 

management practices, which introduce significant uncertainties in regional and global carbon budgets. Here, we 30 

conduct the first systematic and independent benchmarking of 11 widely used global GPP datasets using eddy 

covariance (EC) measurements spanning 14 sites representing the major land cover types in India, namely 

croplands, forests, grasslands, and mangroves.  These datasets are generated using diverse methods, including 

remote sensing, process-based and light-use efficiency models, and machine learning (ML) algorithms. By 

integrating multi-metric statistical evaluation, Taylor diagram analysis, and hierarchical clustering, we assess the 35 

capability of these datasets and rank them to capture site-level variability in GPP.  Our results reveal substantial 

ecosystem-specific discrepancies among these products. ML-based datasets (e.g., FLUXCOM-RS and XBASE) 

consistently perform well in croplands and forests, whereas process-based and microwave-derived products 

exhibit variable or degraded performance, particularly in grasslands. Notably, all datasets show reduced skill in 

mangrove ecosystems, highlighting fundamental limitations in representing the complex hydrological and 40 

biophysical processes. These findings indicate that global GPP products, although widely used, exhibit systematic 

biases under monsoon regimes and management-intensive landscapes. Our study demonstrates that monsoon-

driven ecosystems provide a critical testbed for evaluating global carbon cycle products and reveals key 
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limitations in current GPP estimation approaches. The results provide guidance for selecting appropriate datasets 

for regional applications and underscore the need for improved representation of hydrological variability and 45 

ecosystem complexity in next-generation GPP products and informed decision-making for carbon management 

and climate mitigation.  

 

 

 50 

Graphical abstract. 
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1.  Introduction 

Gross Primary Productivity (GPP), is a central component of the terrestrial carbon cycle, representing the 

total carbon fixed by vegetation through photosynthesis (Chapin et al., 2006).  Accurate estimation of GPP is 55 

essential for understanding ecosystem functioning, quantifying carbon budgets (Friedlingstein et al., 2023), and 

supporting climate mitigation strategies, where the signatory nations to the Paris Climate Accord are required to 

report their national carbon inventories in regular intervals, as the intended nationally determined contribution 

(INDC) (Hönle et al., 2019; MoEFCC, 2015, 2020; Ravindranath et al., 2017), wherein GPP plays a central role. 

An accurate GPP measurement is also needed for ecosystem health monitoring (Sarkar et al., 2022), quantifying 60 

the carbon cycle (Malhi et al., 2021), estimating crop productivity, ensuring food security, and assessing economic 

growth (Beer et al., 2010; Pan et al., 2011; Running et al., 2004).   

Multiple methods are available for estimating GPP. The most commonly used method is the eddy covariance 

(EC), which measures the ecosystem-atmosphere exchanges of mass, momentum, and energy in-situ at sub-hourly 

time intervals for extended periods (Aubinet et al., 2012; Baldocchi et al.,  2001). Global EC networks like 65 

AmeriFlux, AsiaFlux, ICOS, and OzFlux monitor ecosystem-atmosphere carbon fluxes in North and South 

America, Asia, Europe, and Australia and New Zealand, respectively (Beringer et al., 2016; Novick et al., 2018; 

Rebmann et al., 2018; Yamamoto et al., 2005). The EC data provide precise CO2 flux measurements, needed to 

validate GPP models and remotely sensed GPP products. 

The most common bottom-up approach used for GPP estimation is the Radiation Use Efficiency (RUE) 70 

method proposed by Monteith, (1972), which estimates GPP based on radiation absorbed by plants. This method 

relies on the Light Use Efficiency (LUE), which represents the plant's efficiency in converting the absorbed 

photosynthetically active radiation (PAR) to biomass through photosynthesis. Process-based models simulate 

photosynthesis based on the plant physiological traits and photosynthetic pathways (Ball et al., 1987; Farquhar et 

al., 1980). GPP is also computed from satellite-measured reflectances, which bear the mark of plants’ 75 

photosynthetic activities, leaf temperature, chlorophyll, and water contents (Bannari et al., 1995;  Gilabert et al., 

2015; Huang et al., 2019). Solar-induced fluorescence (SIF) is a direct proxy of GPP, as it represents the energy 

emitted by chlorophyll during photosynthesis (Frankenberg et al., 2011). Recent advancements in Machine 

Learning (ML), and Deep Learning (DL) techniques have significantly enhanced the ability to upscale GPP 

estimates at global and regional scales (Agarwal et al., 2024; Gaber et al., 2024; Liao et al., 2023; Reichstein et 80 

al., 2019; Taye, 2023; Nelson et al., 2024). These techniques combine ground-based and remotely sensed data 

with model simulations, and show proficiency in detecting complex patterns often missed by traditional methods 

(Mohamed and Klaus, 2024).  

Over the past decades, numerous global GPP datasets have been developed using the aforementioned 

approaches, enabling continuous monitoring of ecosystem productivity at large spatial scales. These products are 85 

derived using diverse methodological frameworks, each characterized by distinct assumptions and sensitivities to 

environmental conditions. Despite these advances, substantial uncertainties remain in global GPP estimates (Wild 

et al., 2022), which arise from simplified assumptions in light-use efficiency models, parameterization limitations 

in process-based models, and biases in machine learning approaches related to training data representativeness 

(Bloomfield et al., 2023). Additionally, most of the validation efforts have relied on EC flux tower networks 90 
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concentrated in temperate and boreal regions, leaving other climatic regimes insufficiently evaluated (Turner et 

al., 2006; Coops et al., 2007a). Consequently, the performances of global GPP products remain highly biased 

towards a few specific environmental conditions.  

Monsoon-driven ecosystems represent one of the most challenging yet under-evaluated environments for GPP 

estimation. Strong seasonal variability in precipitation, frequent cloud cover, and rapid vegetation responses 95 

introduce nonlinear dynamics that are difficult to capture with existing frameworks. In addition, intensive land 

management practices, such as multiple cropping cycles in agricultural systems, and complex ecosystems such as 

mangroves, further complicate the relationship between remotely sensed signals and actual carbon uptake. India, 

characterized by diverse land cover types and a dominant monsoon climate, provides a unique and critical testbed 

for evaluating global GPP datasets under these conditions. 100 

The current study includes fourteen EC flux sites, located in different land use land cover (LULC) classes 

spanning diverse ecosystems across India, to validate, objectively assess, and rank multiple global GPP products. 

This evaluation against EC measurements in India serves as an independent, unique, and challenging test of these 

gridded datasets, as tower-based measurements were not available during their development. In particular, the 

present study aims to (1) quantify the performance of global GPP products under monsoon-driven conditions, (2) 105 

identify ecosystem-dependent strengths and limitations of different modeling approaches, and (3) provide 

guidance for the selection and improvement of GPP datasets in regions characterized by strong climatic variability 

and complex land surface processes.  

2. Materials and methods 

All the abbreviations and acronyms used in this work are listed in Table 1. 110 

2.1 Study area 

The locations of the flux tower sites are shown in Figure 1, and site-wise characteristics and features are given 

in Table 2. These sites represent a variety of LULCs prevalent across India. Further, those sites that fall under the 

same broad category [for example, forest (BFT, BFS, and KNP)] may have different climates, receive different 

amounts of annual precipitation, and therefore, have different plant types, and their GPPs are expected to have 115 

different magnitudes and variabilities (check Deb Burman et al., (2025) for a detailed review of these).   
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Table 1. List of the abbreviations and acronyms used in the current study work. 

Acronyms Definition Unit 

Adj. R2 Adjusted coefficient of determination -- 

CO2 fluxes Carbon dioxide flux µmol mol 

GPP Gross primary productivity gC m-2 d-1 

LAI Leaf area index m2 m−2 

LUE Light Use Efficiency gC M J − 1 

MAP Mean Annual Precipitation mm 

MAT Mean Annual Temperature °C 

NDVI Normalized Difference Vegetation Index -- 

NEE Net ecosystem exchange µmol m-2 s-1 

PAR Photosynthetically Active Radiation µmol m-2 s-1 

r Pearson’s correlation coefficient -- 

R2 Coefficient of determination -- 

rH Relative humidity % 

Tair Air temperature °C 

VPD Vapor pressure deficit hPa 

Abbreviation Definition 

APAR Absorbed photosynthetically active radiation 

AVHRR Advanced Very High-Resolution Radiometer 

CI Clearness index 

DL Deep Learning 

DSR Downward solar radiation 

EC Eddy covariance 

ERA5 5th generation European reanalysis data 

ETM+ Enhanced Thematic Mapper Plus 

fAPAR Fraction of absorbed photosynthetically active radiation 

GED  Global Environmental Database 

GEE Google Earth Engine 

GLASS Global LAnd Surface Satellite  

GLDAS Global Land Data Assimilation System  

GOSIF  Global OCO-2 based Solar-induced Chlorophyll Fluorescence 

GPPEC GPP from EC measurement 

IGBP International Geosphere-Biosphere Programme 

IRS India Remote Sensing satellites 

LISS-III Linear Imaging Self-Scanning Sensor III 

MAE Mean Absolute Error 

ML Machine Learning 

MODIS Moderate Resolution Imaging Spectroradiometer 

MuSyQ Multisource data Synergized Quantitative 

NDVI Normalized Difference Vegetation Index 

OCO-2 Orbiting Carbon Observatory-2  

PFT Plant Functional Type 

PML Penman-Monteith-Leuning Evapotranspiration 

QC Quality control 

RF Random Forest 

RMSE  Root Mean Squared Error 

SD Standard Deviation 

SIF solar‐induced chlorophyll fluorescence 

VIIRS Visible Infrared Imaging Radiometer Suite 

VODCA2GPP Vegetation Optical Depth Climate Archive 

WUE Water Use Efficiency 
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 120 

Figure 1. The eddy covariance flux tower sites used in this work are shown on the map of India with LULC 

classification following Roy et al. (2015). 
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Table 2. Characteristics of eddy covariance sites from different ecosystems in India. AMSL: above mean sea 

level; MAT: mean annual temperature; MAP: mean annual precipitation.  125 
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C
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p
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4 
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h 
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Karnat
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24.
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11.4

3 
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T 
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https://doi.org/10.5194/egusphere-2026-3597
Preprint. Discussion started: 14 July 2026
c© Author(s) 2026. CC BY 4.0 License.



9 

 

2.2 Data 

2.2.1 Land Use Land Cover (LULC)  

The LULC data from Roy et al. (2016), available at 130 

https://daac.ornl.gov/VEGETATION/guides/Decadal_LULC_India.html by NASA’s Oak Ridge National 

Laboratory Distributed Active Archive Centre (ORNL DAAC), has been used in this work. The most recent data 

available in this dataset includes the LULC map of India for 2005 at 100 m resolution. This product is derived 

from Enhanced Thematic Mapper Plus (ETM+) sensors of Landsat 5 at 30 m spatial resolution and Resourcesat 

Linear Imaging Self-Scanning Sensor III (LISS-III) of India Remote Sensing satellites (IRS) data at 23.5 m spatial 135 

resolution. The data were classified according to the International Geosphere-Biosphere Program (IGBP) 

classification scheme based on visual image interpretation.  

 

Figure 2. Schematic representation of the workflow implemented in the present study.  
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2.2.2 In-situ GPP  140 

Tower-based EC measurements at the following locations are used in this work: Barambadi (BIT), 

Barkachha (BKC), Dharwad (DIT), Nawagam (NIT), Samastipur (SIT), Barkot (BFS), Betul (BFT), Haldwani 

(HFS), Kosi Watershed (KKM), Kaziranga National Park (KNP), Jaisalmer (JIT), Kanpur (UIT), Pichavaram 

(PVM), and Sundarbans (SFT). They span different LULC types, as listed in Table 2. EC data processing involves 

multiple steps, including pre- and post-processing quality control, gap-filling, and flux-partitioning (Figure 2). 145 

Instrumentation details and flux estimation procedure are described for the individual sites in Deb Burman et al., 

(2025). Ancillary meteorological, soil, and plant physiological measurements were made at multiple heights and 

depths on some of the flux towers and are described in the corresponding references listed in Table 2.  

2.2.3 Remote sensing measurements 

We use 11 GPP datasets from various remote sensing databases, summarized in Table 3. These data are 150 

generated at different spatio-temporal scales.  

2.2.3.1 GPP data products 

2.2.3.1.1 MODIS GPP 

The Moderate Resolution Imaging Spectroradiometer (MODIS) sensor onboard the Terra and Aqua 

satellite constellation by NASA provides the longest record of biophysical products, including GPP. MOD17A2H 155 

version 6 GPP product (Running and Zhao, 2015), is taken from the Google Earth Engine (GEE) platform 

(https://earthengine.google.com/platform/). This data has 8-day temporal and 500 m spatial resolutions. The data 

product includes GPP, Net Photosynthesis (PSN), and Quality Control (QC) layers.  

2.2.3.1.2. PML GPP 

The Penman-Monteith-Leuning Evapotranspiration (Version V2) product was developed by Zhang et al., 160 

(2019), which combined five ready-to-use bands, including GPP at 500 m spatial and 8-day temporal resolutions 

using a coupled diagnostic biophysical model. This model was built on the GEE platform, using leaf area index 

(LAI), albedo, and emissivity from MODIS and Global Land Data Assimilation System (GLDAS) meteorological 

forcing data as model input variables.  

2.2.3.1.3. GOSIF GPP 165 

The Global OCO-2 based Solar-Induced Chlorophyll Fluorescence (GOSIF) is derived from the SIF 

observations by the Orbiting Carbon Observatory-2 (OCO-2). This database has 0.05° spatial and 8-day temporal 

resolutions and has been accessed from the Global Ecology Data Repository by the Global Ecology Group, 

University of New Hampshire (Li and Xiao, 2019). All the metadata of the aforementioned databases are given in 

Error! Reference source not found.3.   170 
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Table 3. Characteristics of different datasets used for current study.  

Name of 

Dataset 

Tem
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l 

Reso

lutio

n 
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lutio

n 

Earth 

Engine 
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/Versio

n 
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ty 

Algorith
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n 

Imaging 
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m 
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7A2H) 

2021-01-

01 

to 
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LUE 

Gpp, 

Psn_QC, 

PsnNet 

GEE link: 

https://develope

rs.google.com/e

arth-

engine/datasets/

catalog/MODIS

_061_MOD17A

2H 

Dataset 
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S., Mu, 

Q., Zhao, 

2021) 
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m 
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2 
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26 
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(Gan et 

al., 2018; 

Zhang et 

al., 2016, 

2019) 
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8-

day 

0.05 

degr

ee 

-- 
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to 
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https://glass.hku

.hk/  

(Yuan et 

al., 2010) 

MUSYQ 
8-

day 

0.05 

degr

ee 

-- 

1981  

to  

2018 

  

https://zenodo.o

rg/records/3996

814  

 

(Wang et 

al., 2021) 

Model 

A global 

dataset of 

solar-

induced 

chloroph
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fluoresce

nce 

(GOSIF) 

8-

day 

0.05 

degr

ee 

v2 

2001  

to  

2023 

Cubist 

regressio

n tree 

model 

GPP 

http://data.globa

lecology.unh.ed

u/data/GOSIF-

GPP_v2/ 

 

(Li and 

Xiao, 

2019) 

Soil 

Moisture 

Active 

Passive 

Data 

(SMAP) 

1-
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9 km 

Version 

4 

31 March 
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8 
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r 2022 
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microwav

e 

observati

ons, land 

cover and 

vegetatio

GPP 

Data accessed: 

https://search.ea

rthdata.nasa.gov

/search?q=SPL4

CMDL%20V00

7 

 

(Kimball, 

J. S., 

2021) 
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n inputs 

from 

MODIS, 

VIIRS, 

and 

GEOS-5 

land 

model 

P-model 

Site-level 

data 

1-

day 

0.05 

degr

ee 

Version 

v1.0 

1982-01-

06 

to 

2016-12-

27 

LUE GPP 

Data: 

https://zenodo.o

rg/records/1423

484 

Article: 

https://gmd.cope

rnicus.org/articl

es/13/1545/2020

/ 

(Stocker, 

2018; 

Stocker et 

al., 2020) 

Vegetatio

n Optical 

Depth 

Climate 

Archive 

(VODCA

2GPP) 

8-

day 

0.25

° 

degr

ee 

V2 

1988  

to  

2020 

Utilize 

microwav

e remote 

sensing 

estimates 

of 

vegetatio

n optical 

depth 

(VOD) to 

estimate 

GPP. 

GPP 

https://researchd

ata.tuwien.ac.at/

records/1k7aj-

bdz35 

 

(Wild et 

al., 2022b) 

Machine learning  

FLUXC

OM-RS 

8-

day 

0.08

33° 

Version 

4 

2001  

to  

2019 

Used 

machine 

learning 

to merge 

energy 

flux 

measure

ments 

from 

FLUXNE

T eddy 

covarianc

e towers 

with 

remote 

sensing 

and 

meteorol

ogical 

data to 

estimate 

global 

gridded 

net 

radiation, 

latent and 

sensible 

heat and 

their 

GPP 
http://www.flux

com.org 

(Jung et 

al., 2019) 
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uncertaint

ies 

Center 

for 

Global 

Environ

mental 

Research 

(CGER), 

National 

Institute 

for 

Environ

mental 

Studies 

(GED) 

10-

day 

0.1 

degr

ee 

ver.202
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1999  

to  

2019 

Upscalin

g of site 

observati

ons using 

Random 

Forest 

GPP 

https://db.cger.

GED.go.jp/DL/

10.17595/20200

227.001.html.en 

 

(A Data-

driven 

Upscale 

Product of 

Global 

Gross 

Primary 

Productio

n, Net 

Ecosyste

m 

Exchange 

and 

Ecosyste

m 

Respiratio

n, 

ver.2020.2
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XBASE 
1-

day 

0.25 

degr

ee 

-- 
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to  
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FLUXCO

M-X, an 

advanced 

deep 

learning 

model 

with 

enhanced 

flexibility 

and 

technical 

capabiliti

es 

GPP 

Data: 

https://meta.icos

-

cp.eu/collection

s/zfwf1Ak2I7Ol

ziGDTX8Xl6_T  

Article: 

https://bg.coper

nicus.org/article

s/21/5079/2024/  

Integrated 

Carbon 

Observation 

System (ICOS)  

(Nelson et 

al., 2024) 
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2.2.3.1.4. GLASS GPP 

 An improved version of the LUE model with four input variables: NDVI, PAR, Tair, and the Bowen ratio 

(the ratio of sensible and latent heat flux), was developed as part of the Global LAnd Surface Satellite (GLASS) 175 

project (Yuan et al., 2010). A global GPP product at 0.05° spatial and 8-daily temporal resolution using the input 

data from AVHRR was produced on DoY 363 in 2019 and disseminated as a Level 3 product, which has been 

used in this work.   

2.2.3.1.5. MuSyQ GPP 

 Using the FPAR and LAI records from GLASS as inputs, a global GPP product, MuSyQ, was developed 180 

at 0.05° spatial and 8-daily temporal resolutions using a LUE approach. However, an improved parameterization 

was achieved by using the clearness index (CI), ERA-Interim meteorological data, and other environmental factors 

(Wang et al., 2021).    

2.2.4 GPP based on Model simulations 

2.2.4.1 Vegetation models 185 

2.2.4.1.1 P-model 

The P-model (version 1.0) computes daily GPP for the C3 vegetation in any climate following the 

combined Farquhar-–von Caemmerer–Berry photosynthesis model  (Wang et al., 2017). It predicts a multi-day 

average LUE, accounts for the low-temperature effects on the intrinsic quantum yield, and has an empirical soil 

moisture stress factor. P-model incorporates an optimality principle for balancing carbon assimilation and 190 

transpiration, powered by meteorological and site-specific fAPAR data, and its output is compared against the 

GPP estimates obtained from the global Fluxnet network (Stocker et al., 2020). The global and site-scale 

sensitivity studies are conducted on hydrometeorological and biophysical variables during the parameter 

calibration. No distinction is made among the croplands, with two fAPAR datasets, having different estimating 

techniques taken from MODIS and GLASS, used in the model simulation. 195 

2.2.4.2 Coupled models 

2.2.4.2.1. SMAP  

The Soil Moisture Active Passive (SMAP) is a global GPP database generated by integrating multiple 

satellite-based observations, such as SMAP L-band microwave observations, land cover, and vegetation inputs 

from the MODIS, Visible Infrared Imaging Radiometer Suite (VIIRS), and the Goddard Earth Observing System 200 

Model, Version 5 (GEOS-5) land model assimilation system. The global plant functional type (PFT) classification 

data were taken from MODIS (MCD12Q1 version 6) and fAPAR (MOD15A2) at 500 m resolution, SMAP Level-

4 soil moisture data (SPL4SMGP) at 9 km resolution, pre-processed global, daily averaged meteorology data from 

the GEOS-5 Forward Processing (FP) system at 0.25° degree resolution, as mentioned in the use guide of the 

database. This data is accessed from NASA’s Earthdata portal (https://www.earthdata.nasa.gov/).  205 
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2.2.4.2.2 VODCA2GPP 

The Vegetation Optical Depth Climate Archive (VODCA2), developed by Wild et al. (2022), represents 

the first-ever global database of microwave remote-sensing vegetation optical depth (VOD)- derived GPP at 

0.25°×0.25° spatial resolution. It is produced following the novel sink-driven GPP estimation approach by Teubner 

et al., (2019, 2021), and consequently trained and evaluated with in situ observations at the FLUXNET stations. 210 

This GPP data (VODCA2GPP) is accompanied by an uncertainty metric showing regions with less reliable 

estimates. This dataset is accessed from the TU Data Repository of TU Wien.  

2.2.5 Machine Learning-based GPP products 

2.2.5.1 FLUXCOM  

The FLUXCOM dataset combines Fluxnet EC measurements with satellite data using machine learning 215 

algorithms to estimate global GPP (Jung et al., 2019). It provides 147 products at half-hourly and monthly 

intervals, including high-resolution (0.083°) MODIS remote sensing data and 0.5° meteorological data. The global 

carbon and water cycle evaluations are improved by the gap-filled flux estimates in the dataset, and validations 

against independent data demonstrate strong performance across ecosystems. In this work, the FLUXCOM-RS 

version of the FLUXCOM data has been used.  220 

2.2.5.2 GED 

This product comprises a 10-day average of global GPP at a spatial resolution of 0.1°×0.1° developed by 

upscaling the FLUXNET 2015 database to a global scale using the Random Forest (RF) algorithm, covering 

latitudes from 60°S to 80°N (A Data-driven Upscale Product of Global Gross Primary Production, Net Ecosystem 

Exchange and Ecosystem Respiration, ver.2020.2). Daily GPP values from this database were extracted from the 225 

GPP_NT_VUT_REF variable. The predictor variables for GPP estimation include LAI, fAPAR, air temperature 

(Tair), relative humidity (rH), and incoming solar radiation (DSR). LAI and fAPAR were sourced from the 

Copernicus Global Land Service, while Tair, rH, and DSR were from ERA5. This approach offers new insights for 

studying global GPP (Pastorello et al., 2020). The GPP data for the current study were acquired from the Global 

Environmental Database of the National Institute for Environmental Studies, Japan 230 

(https://dx.doi.org/10.17595/20200227.001).  

2.2.5.3 X-BASE 

X-BASE provides the first globally upscaled GPP product using the gradient-boosted regression trees 

algorithm at 0.25° spatial and daily temporal resolutions, using the FLUXCOM-X methodology, which is more 

flexible and adaptive than the previous generations of FLUXCOM; the inputs include EC measurements from the 235 

Fluxnet, meteorological variables from the ERA5 reanalysis data, vegetation indices, land surface temperature, 

and land use records from MODIS (Nelson et al., 2024).  
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2.2.6 Spatial subsetting  

Different GPP products have different spatial resolutions, and each was spatially subset within a common 

0.1°×0.1° area surrounding each flux tower. Subsequently, they were spatially averaged to create their time series 240 

records at each site. Some of the ready-to-use GPP products required additional quality control. For MODIS, the 

Psn_QC was set to 0 to retain only the highest-quality pixels. A common unit of gC m-2 is used for all the GPP 

products commensurate with the EC GPP record. Figure 2 shows the flowchart of data processing and analysis 

used in this study.  

2.2.7. Statistical analysis 245 

2.2.7.1 Linear regression 

EC data are available daily, whereas GPP products listed above have different temporal resolutions as 

shown in Table 4. The daily EC data are aggregated to match the temporal resolution of the corresponding dataset 

before linearly regressing at each site to obtain slope, intercept, coefficient of determination (R2), adjusted 

coefficient of determination (Adj. R2), and p-value. 250 

2.2.7.2 Taylor diagram 

The Taylor diagram, first proposed by Taylor (2001), is a graphical method that can comprehensively 

assess the performance of multiple datasets objectively, including various statistical metrics, including correlation, 

standard deviation, and variance (Gleckler et al., 2008; Taylor et al., 2012; Knutti and Sedláček, 2013). It 

represents different model values as points on a polar plot where the radial distance from the origin indicates the 255 

ratio of their standard deviation to that of the reference dataset, with points close to 1 indicating better agreement 

in variability. The azimuthal angle from the reference axis refers to the correlation coefficient: smaller angles 

signify higher correlation. Additionally, the distance from the reference axis quantifies the root mean square error 

(RMSE) between datasets, providing a measure of overall agreement (Namadi et al., 2022). Data are normalized 

with their standard deviation (SD), to facilitate a consistent assessment (Taylor, 2001). The standardized records 260 

of GPP estimated from EC measurements (GPPEC) records are used as references. 

 

2.2.7.3 Hierarchical clustering 

Hierarchical clustering, proposed by Johnson, (1967), is a clustering algorithm used to group similar 

objects/data based on their characteristics and resemblance to each other. The merging algorithm in hierarchical 265 

clustering assesses the similarity between data points within each category by computing distances between them 

and all other data points. Smaller distances between data points indicate more significant similarity (Siegel and 

Wagner, 2022). This technique constructs a dendrogram by either iteratively merging smaller clusters into larger 

ones (agglomerative approach) or recursively splitting larger clusters into smaller ones (divisive approach), 

providing a detailed visualization of the nested relationships among the data points (Ding and He, 2002; Murtagh, 270 

2015). Clustering starts by computing the Euclidean distance (Danielsson, 1980) between samples X and Y. The 

two closest classes are merged into a new class, followed by calculating distances between this new class and all 

other classes. This merging process continues iteratively until all samples are consolidated into one class. In the 
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current study, the hierarchical clustering was initiated using the Ward cluster method (Ward, 1963), and the 

correlation distance type (Sokal, 1958, 1970) has been deployed to generate the cluster based on the similarity 275 

matrix.  
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Table 4. Descriptive statistical summary for all EC tower sites. 

Major 

LULC 

Class 

Cropland Forest Grassland Mangroves 

Entity BIT BKC DIT NIT SIT BFS BFT HFS KKM KNP JIT UIT PVM SFT 

Total no. 

of 

samples 

(N) 

511 388 493 511 505 511 510 510 511 508 504 510 365 511 

Minimu

m 

0.14 0.02 0.003 0.31 0.07 1.29 0.27 1.48 0.97 0.16 0.06 0.65 0.10 1.79 

Maximu

m 

10.9

4 7.32 18.30 18.97 

29.1

9 15.33 30.33 14.97 13.42 16.74 

11.3

0 26.74 6.17 7.68 

Mean 2.90 1.78 3.62 8.97 7.63 8.68 6.91 7.02 5.74 7.07 2.54 7.29 3.79 4.44 

Standard 

Deviatio

n 1.84 1.76 4.47 3.99 4.52 2.82 6.93 3.22 1.84 3.85 2.02 4.89 0.93 1.11 

Median 2.42 1.10 1.77 8.76 7.11 7.74 3.55 6.13 5.58 6.92 1.88 5.88 3.81 4.18 

SE of 

mean 0.08 0.09 0.20 0.18 0.20 0.12 0.31 0.14 0.08 0.17 0.09 0.22 0.05 0.05 

Variance 
3.38 3.08 19.95 15.89 

20.4

8 7.95 48.01 10.38 3.40 14.84 4.07 23.95 0.87 1.23 

Coefficie

nt of 

Variation 0.63 0.98 1.23 0.44 0.59 0.32 1.00 0.46 0.32 0.54 0.79 0.67 0.25 0.25 

Mean 

absolute 

Deviatio

n 1.36 1.37 3.20 3.35 3.62 2.39 5.47 2.77 1.45 3.22 1.40 3.87 0.78 0.88 

Lower 

95% CI 

of Mean 2.74 1.61 3.22 8.62 7.24 8.44 6.31 6.74 5.58 6.73 2.37 6.87 3.70 4.34 

Upper 

95% CI 

of Mean 3.06 1.96 4.01 9.32 8.03 8.93 7.52 7.30 5.90 7.41 2.72 7.72 3.89 4.54 
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2.2.7.4 Statistical metrics for ranking the database 280 

The following statistical metrics were used in this work to assess the performance of the gridded datasets: 

Mean Absolute Error (MAE) or the mean absolute difference between predicted and observed (EC) GPP values 

(Müller and Guido, 2016), Root Mean Squared Error (RMSE), (Jiang and Ryu, 2016; Joiner et al., 2018; Kumar 

et al., 2020; Turner et al., 2003), Pearson’s correlation (r), which measures the robustness of the linear relationship 

between two datasets (Pearson, 1895; Bo et al., 2022; Gao et al., 2021), and the coefficient of determination (R2), 285 

measuring the proportion of variance in the dependent variable, which is predictable from the independent 

variables in the regression model (Pearson, 1901).  

 

2.2.7.5 Objective ranking of databases 

A systematic approach was used to calculate a composite score based on the metrics described above to 290 

evaluate and rank the performance of different GPP datasets. First, all these metrics were normalized to ensure 

inter-comparability. We applied general normalization for r (Pearson_r_norm) and R² (R2_norm), which denotes 

higher values are better, and reverse normalization for MAE (MAE_norm) and RMSE (RMSE_norm), which 

suggests that lower values are better.  

General normalization for r and R2 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 (2) 295 

Reverse normalization MAE and RMSE =
𝑋𝑚𝑖𝑛 − 𝑋

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 (3) 

Where X is the original, Xmax is the maximum, and Xmin is the minimum value of the metric. 

After normalizing the individual metrics, we calculated a combined score for each dataset by averaging the 

normalized values of MAE, RMSE, Pearson, and R² as follows: 

Combined Score =
MAE_norm + RMSE_norm + Pearson_r_norm + R2_norm

4
 300 

Various researchers used R2 to rank different datasets (Coops et al., 2007; Wu et al., 2010; Yuan et al., 2014; 

Ichii et al., 2017; Yu et al., 2018; Sinha et al., 2021). We ranked the datasets based on their combined score, where 

a higher score reflects better overall performance. This method has an edge over using any single metric in 

ensuring the performance assessment encompasses multiple aspects.  

3 Results and Discussion  305 

3.1 Site features  

We have considered fourteen flux tower sites, of which five belong to cropland and forest, two belong to 

grassland, and two belong to mangroves. These sites are shown in Figure 1 and detailed in Table 2, including the 

location, local climate, soil, land use types, and EC instrumentation. For brevity, more site-specific details are 

provided in the supplementary section S1.  310 
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3.2 Observed GPP variability from eddy covariance measurements  

The descriptive statistics of the GPPEC at all sites are mentioned in Table 4 and presented in Figure 3. The key 

variation features at these sites are described in detail in Deb Burman et al. (2025).  

3.2.1 Cropland 

Among the cropland sites (Fig. 3), the mean GPPEC measurement at BIT was 2.90 ± 1.84 gC m-2 d-1, 315 

ranging from 0.14 gC m-2 d-1 to 10.94 gC m-2 d-1. The mean GPPEC at BKC was 1.78 ± 1.76 gC m-2 d-1, ranging 

from 0.02 to 7.32 gC m-2 d-1. The mean GPPEC at DIT was 3.62 ± 4.47 gC m-2 d-1, which varied from 0.003 to 

18.30 gC m-2 d-1. At NIT, the mean GPPEC was 8.97 ± 3.99 gC m-2 d-1. The mean GPPEC at SIT was 7.63 ± 4.52 

gC m-2 d-1, varied from 0.07 to 29.19 gC m-2 d-1 (Fig. 3). Such ranges of variability are atypical for cropland 

ecosystems (Ukkola et al., 2021; Liu et al., 2023). 320 

3.2.2 Forest 

Among the forested sites (Fig. 3), GPPEC ranged from 1.29 to 15.33 gC m-2 d-1 with a mean of 8.68 ± 

2.82 gC m-2 d-1 at BFS.  

 

Figure 3. Observed variability of GPPEC at the study sites. 325 
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At BFT, the mean GPPEC was 6.91 ± 6.93 gC m-2 d-1, ranging from 0.27 to 30.33 gC m-2 d-1; wherein, the GPP 

was the lowest during the summer and rose quickly after the rainy season due to leaf appearance. The highest GPP 

was noted in August, which started to decline in September due to a decrease in soil moisture availability for 

photosynthesis, followed by subsequent temperature and solar radiation declines during the winter season (Rodda 

et al., 2021). BFT is located in Central India, where Uchale et al., (2023) also noticed the large-scale fluctuations 330 

in GPP. This area is positioned within the core monsoon zone, and hence, the biosphere native to this region 

undergoes strong drying and wetting episodes every year. This, in turn, results in high interannual fluctuation in 

carbon uptake in this region.  

HFS is a mixed plantation with a mean GPPEC of 7.02 ± 3.22 gC m-2 d-1, which ranged from 1.48 to 14.97 

gC m-2 d-1. Watham et al. (2014) highlighted the role of radiation and VPD in regulating the carbon uptake at HFS. 335 

The seasonal dynamics were primarily influenced by phenology and environmental factors such as soil moisture 

and temperature. Sett et al., (2023) estimated water use efficiency (WUE) using GPP and ET for four forest sub-

types in HFS: teak, mixed plantation, poplar, and pulpwood.  

KKM exhibited a mean GPPEC measurement of 5.74 ±1.84 gC m-2 d-1, ranging from 0.97 to 13.42 gC m-

2 d-1. Deb Burman et al., (2021) studied the ecosystem-atmosphere carbon and water fluxes in the KKM and 340 

examined the factors for the variability of GPP values, like surface conductance, along with its intra-annual 

variability and seasonal cycle of leaf-area, which are the main factors controlling the seasonal patterns of surface-

atmosphere coupling and the ecosystem. The KNP GPPEC had a mean value of 7.07 ± 3.85 gC m-2 d-1 (Fig. 3); the 

carbon uptake at this site is controlled by differential radiation and water availability at different times of the year 

(Sarma et al., 2021).  345 

3.2.3 Grassland 

Among these sites (Fig. 3), JIT recorded a mean GPPEC of 2.54 ± 2.02 gC m-2 d-1. The rainfall variability 

drives the worst drought conditions and vegetation degradation, especially in arid and semi-arid climates like JIT, 

where slight departure from the mean may become critical (Santra and Chakraborty, 2012). Here, GPPEC values 

ranged from 0.06 to 11.30 gC m-2 d-1. Lower GPP values may occur during dry periods (Rajan et al., 2013), or 350 

after the grazing events, while higher values typically correlate with peak vegetation growth during the monsoon 

season (Bai and Li, 2022). This variability underscores the rapidly dynamic nature of carbon cycling in arid 

grassland ecosystems.  

The mean GPPEC at UIT was 7.29 ± 4.89 gC m-2 d-1 (Fig. 3). The moderate variability in carbon fluxes at 

UIT may be due to outflow from a nearby canal increasing soil moisture (Bhat et al., 2020), which results in 355 

maximum carbon assimilation occurring between August and September. The GPP values ranged widely from 

0.65 to 26.74 gC m-2 d-1. Lower EC values might occur during dry periods or after disturbances, whereas higher 

values typically coincide with active vegetation growth and favorable weather conditions.  

3.2.4 Mangrove 

The mean GPPEC at PVM varied from 0.10 to 6.17 gC m-2 d-1 with a mean of 3.79 ± 0.93 gC m-2 d-1 (Fig. 3). 360 

At SFT, the mean GPPEC is 4.44 ± 1.11 gC m-2 d-1. Seasonal environmental changes in temperature, VPD, rainfall 
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and photosynthetic active radiation regulated this variability (Ghosh et al., 2017; Rodda et al., 2022), along with 

tidal dynamics (Neogi et al., 2016), and ecological factors such as canopy structure and hydrology (Wu et al., 

2019) that are characteristic of mangrove ecosystems in the Sundarbans. Overall, the GPPEC values at SFT ranged 

from 1.79 to 7.68 gC m-2 d-1 (Fig. 3).  365 

3.3 Performance evaluation of the global GPP datasets  

The linear regressions of the remotely sensed, modelled, and ML-developed GPP products with the in-situ 

measured GPP values at each site are shown in Supplementary Figure S1, with the statistical parameters listed in 

Table S1. The performance of each dataset is described below, arranged alphabetically.  

3.3.1. FLUXCOM-RS  370 

The FLUXCOM-RS database performs well, statistically significant at the 95% level, at most of the sites 

(Table S1). Its correlation (R2) values at these sites range from 0.001 to 0.79 (Table S1). However, the mangrove 

site at SFT is an exception, where the p-value of the FLUXCOM-RS database is 0.70, indicating the lack of any 

significant relationship with the GPPEC. This is supported by the R2 value at this site, which is nearly zero, 

suggesting the model does not explain any of the variability in the data. The FLUXCOM-RS GPP has been widely 375 

used in global and regional climate and carbon cycle studies (Jung et al., 2020). However, significant uncertainties 

persist in this database over mangroves.  

3.3.2. GED 

The GED dataset for cropland and forest sites shows statistically significant relationships (p-value <0.05) 

(Table S1), with strong positive slopes between GED and GPPEC, affirming this dataset's ability to reliably 380 

estimate GPP in grassland environments. In contrast to this, the GED dataset does not perform satisfactorily at the 

mangrove sites (p-value > 0.05), highlighting the requirement for alternative approaches or supplementary data 

sources to improve the GPP estimation of mangroves. According to Zeng et al., (2020), the GED database relies 

on the Random Forest (RF) method and has trouble handling undersampled areas; this could potentially explain 

its poor performance over mangroves, which are mostly located in tropical and subtropical belts and have been 385 

historically under-explored compared to the other vegetation classes. 

3.3.3. GOSIF 

The GOSIF provides proxies for monitoring land photosynthesis, but its sparse coverage remains a 

bottleneck for mapping finer-resolution GPP globally (Li and Xiao, 2019). The GOSIF database performed 

significantly well at BIT, BKC, and DIT, with R2 values ranging from 0.34 to 0.61 (Table S1). Though the 390 

relationship is statistically significant at the site NIT, the R2 value is relatively low (0.20), suggesting the GOSIF 

database captures some variations in GPP values, with some other factors being unaccounted for in its 

computation. At SIT, the performance is not statistically significant (p-value = 0.09), with a low R2 value (0.04), 

suggesting the weak performance of this database in the croplands.  
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3.3.4. MODIS 395 

The MODIS performed well at all cropland sites, exhibiting statistically significant relations between 

GPPEC and MODIS-derived GPP (p < 0.05) (Table S1). However, low slope values suggest MODIS's limited 

sensitivity to GPP trends, with low R² values reflecting that MODIS GPP accounts for only a small portion of the 

variability in cropland ecosystems. In forests, the dataset generally shows significant correlations with GPP (p < 

0.05), except for KNP, where a p-value of 0.98 indicates a weak correlation (Table S1).  400 

Over grasslands and mangroves, MODIS performed with mixed results; UIT and PVM show significant 

relationships (p < 0.05), while JIT and SFT do not (p = 0.52 and 0.34, respectively) (Table S1). These highlight 

location-specific limitations in MODIS's productivity calculation (Table S1). Our findings are supported by Lele 

et al., (2021), wherein the spatial resolution of MODIS may not be sufficiently high to capture the heterogeneous 

spectral responses of mangroves. MODIS also struggles to capture vegetation dynamics post-monsoon, 405 

particularly in forest sites like KNP (Deb Burman et al., 2017). Wang et al., (2017) noted that though the latest 

MODIS GPP product improved significantly in its resolution, there are several other sources of error related to 

the MODIS algorithm, which impairs the GPP estimation. 

3.3.5. PML_V2 

The PML_V2 GPP exhibits high adjusted R² values (0.57 and 0.61) with significant p-values (<0.05) at 410 

BIT and DIT croplands (Table S1). At NIT and SIT, the R² values are lower (0.12–0.13), reflecting modest 

explanatory power. The PML_V2 GPP record has an insignificant p-value (0.28) and a low R² (0.03) at BKC, 

indicating poor performance. Among the forests, it performs well at HFS and BFT (adjusted R²: 0.56), but worse 

at KKM and KNP (lower R² values of 0.11 and 0.13, respectively), although significant (p<0.05). Its correlation 

with EC GPP is weak but significant in grasslands (JIT, UIT) (adjusted R²: 0.07; p-value <0.05). Over mangroves, 415 

PML has mixed performance ‒ moderate at PVM (R²: 0.23, p-value < 0.05), while poor at SFT (R²: 0.00, p-value: 

0.84) (Table S1). However, Zhang et al., (2019) noted this data to perform well across 95 global flux sites, aligning 

closely with observed GPPEC. Hence, our findings underscore the need for further calibration of PML_V2, 

especially for grassland and mangrove ecosystems, with a location-specific approach.  

3.3.6. P-model 420 

Regression analysis of P-model data shows varied performance across sites. At KKM (forest), a 

significant relationship (p < 0.05) is observed with a low adjusted R² of 0.04, indicating limited performance with 

observed variability (Table S1). Conversely, BFS and SFT show non-significant p-values (0.39 and 0.13, 

respectively) and near-zero adjusted R² values, reflecting the model's poor performance in capturing GPP 

variability at these sites, which limited effectiveness. 425 

3.3.7. SMAP 

The regression analysis of GPPEC vs. SMAP GPP shows mixed results. It performs well at the croplands 

with robust and significant fits (Table S1), except at SIT. In forest sites, it is mostly significant with high to 

moderate adjusted R² values (Table S1). SMAP GPP performs significantly at both the grasslands; however, at 
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JIT, it demonstrates a weaker correlation with the EC GPP (Table S1). It performs fairly well at PVM but very 430 

poorly at the other mangrove at SFT with a non-significant p-value (0.96).  

3.3.8. VODCA2GPP 

VODCA2GPP performed moderately but significantly well at the cropland sites, except SIT, with a non-

significant p-value of 0.58 and a low adjusted R² (-0.01). In BFS and BFT forest sites, it showed strong 

performance (adjusted R² values being 0.42 and 0.70, respectively). At the same time, it recorded a low and 435 

insignificant performance (adjusted R²: -0.011, p-value = 0.88) at JIT, making its performance unacceptable over 

the grasslands (Table S1).  

3.3.9. GLASS 

The overall performance of GLASS was good, except SIT and SFT, with non-significant p-values of 0.37 

and 0.49, respectively (Table S1). Over DIT, BFT, and HFS, it showed high adjusted R2 values of 0.629, 0.737, 440 

and 0.571, respectively (Table S1). 

3.3.10. MuSyQ 

       MuSyQ showed non-significant correlations at SIT (p-value = 0.3), JIT (p-value = 0.79), and PVM (p-value 

= 0.16), while its performance at other sites has been acceptable (Table S1).   

3.3.11. XBASE 445 

 XBASE showed significant correlations at all the sites, and the adjusted R2 values have also been high; 

however, it showed low adjusted R2 values at BKC, NIT, SIT, UIT, PVM, and SFT (Table S1).  

3.4 Model Performance based on Pearson’s correlation 

In the correlation heatmap plot (Figure S2), the colour intensity (red-to-blue) indicates the strength of the 

correlation coefficient. This helps in understanding the strength and direction of relationships. Each cell in the 450 

heatmap represents the correlation between two variables. The values in the cells are annotated to show the exact 

correlation coefficients, which range from -1 to 1. A value of 1 indicates a perfect positive correlation, -1 indicates 

a perfect negative correlation, and 0 indicates no correlation. 

3.5 Model performance based on the Taylor diagram 

At the BIT cropland site, FLUXCOM-RS GPP correlated significantly with GPPEC (r = 0.86, RMSE = 0.61 455 

gC m-2 d-1 and SD = 1.22 gC m-2 d-1); GOSIF GPP had the lowest RMSE (0.57 gC m-2 d-1) and a strong correlation 

(r = 0.82) (Fig. 4a). The RMSE and SD of VODCA2GPP with GPPEC at this site were 1.28 gC m-2 d-1 and 1.92 

gC m-2 d-1, respectively. GOSIF performed best at BKC, with the lowest RMSE (0.78 gC m-2 d-1) and a strong 

correlation (r = 0.68), followed by VIIRS (RMSE = 0.89 gC m-2 d-1 and r = 0.64) (Fig. 4b). The maximum RMSE 

at BKC (2.36 gC m-2 d-1) was registered by VODCA2GPP, which even had a negative correlation (r = -0.37), 460 

highlighting its poor performance. Here, MODIS GPP had the lowest SD (0.01 gC m-2 d-1) but a marginal RMSE 

(1.0 gC m-2 d-1) and correlation (r = 0.53).  
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At DIT, FLUXCOM-RS performed well, with an RMSE of 0.47 gC m-2 d-1 and a significant correlation (r = 

0.88) with GPPEC. The lowest SD at this site was recorded by MODIS (±0.01 gC m-2 d-1) with moderate correlation 

(r = 0.84); r was highest for GED (0.76) (Fig. 4c). SMAP GPP did not perform well at this site, with both the 465 

highest SD and RMSE (2.72 and 2.02 gC m-2 d-1, respectively). Similarly, at NIT, FLUXCOM-RS had a significant 

r of 0.70 with an RMSE of 1.1 gC m-2 d-1 (Fig. 4d). 

A moderate response regarding the correlation coefficients has been noticed at SIT. The highest response (not 

significant) was r = 0.54, with the FLUXCOM-RS having RMSE = 0.99 gC m-2 d-1. The lowest and highest RMSE 

at SIT were recorded for NOAA (0.92 gC m-2 d-1) and VODCA2GPP (2.74 gC m-2 d-1), respectively (Fig. 4e). 470 

FLUXCOM-RS consistently shows strong correlations and low RMSE at BIT and DIT, while GOSIF exhibits 

good performance at BKC and NIT, respectively. However, VODCA2GPP and SMAP display high RMSE and 

poor correlation at several sites, indicating that not all databases are equally reliable for validation in these regions. 

Among the forests, GED performed best at BFS, with the highest r of 0.94, despite having a moderate RMSE 

(0.97 gC m-2 d-1) and a higher SD (±1.88 gC m-2 d-1) (Fig. 5a). FLUXCOM-RS exhibited a high r (0.89), a moderate 475 

SD (1.19 gC m-2 d-1), and the lowest RMSE (0.53 gC m-2 d-1) here.  At BFT, the GOSIF demonstrates the best 

performance with a high r (0.94), a relatively moderate SD (1.13 gC m-2 d-1), and a low RMSE (0.37 gC m-2 d-1) 

(Fig. 5b). VODCA2GPP showed a strong r (0.90) with GPPEC. However, it had a large SD and RMSE (3.0 gC m-

2 d-1 and 2.09 gC m-2 d-1, respectively) (Fig. 5b).  

FLUXCOM-RS performs best at HFS with a high r (0.94), moderate SD (1.89 gC m-2 d-1), and RMSE (0.99 480 

gC m-2 d-1). indicating substantial agreement with the EC data (Fig. 5c). In contrast, VODCA2GPP had the poorest 

performance, with a weak r (0.14), coupled with both the highest SD and RMSE (2.35 gC m-2 d-1 and 2.38 gC m-

2 d-1, respectively). At KKM, GED demonstrates the best performance among the datasets evaluated, with a 

substantial r (0.76), a relatively low SD (0.92 gC m-2 d-1), and RMSE (0.67 gC m-2 d-1) (Fig. 5d). At KNP, GOSIF 

was the top performer, having a significant r (0.84) with the lowest RMSE and moderate SD (0.56 gC m-2 d-1 and 485 

0.64 gC m-2 d-1, respectively) (Fig. 5d). GOSIF was seconded by SMAP at KNP with a high r (0.80), moderate 

RMSE and SD (0.71 gC m-2 d-1 and ±1.20 gC m-2 d-1, respectively). The VODCA2GPP had a negative correlation 

r (-0.65) with GPPEC, which was associated with the highest SD and RMSE (1.74 gC m-2 d-1 and 2.45 gC m-2 d-1, 

respectively).  

At the grassland site at JIT, GED performed best with a high correlation (r = 0.69), low SD, and RMSE (0.47 490 

gC m-2 d-1 and 0.76 gC m-2 d-1) (Fig. 6a). VODCA2GPP had a poor performance here with a low r but high SD 

and RMSE (1.13 gC m-2 d-1 and 1.49 gC m-2 d-1). Whereas, at the other grassland UIT,  GOSIF perfromed best 

with r  ~ 0.75, SD ~ 0.84 gC m-2 d-1, and RMSE of ~ 0.7 gC m-2 d-1 (Fig. 6b). The enhanced performance of GOSIF 

over grasslands is supported by Pandey et al. (2024). 

 495 
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Figure 4. Taylor diagrams of GPP from gridded datasets at the cropland sites used in this work, namely (a) BIT, 

(b) BKC, (c) DIT, (d) NIT and (e) SIT.  GPPEC data is used as the reference. 
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 500 

 

Figure 5. Taylor diagrams of GPP from gridded datasets at the forest sites used in this work, namely (a) BFS, (b) 

BFT, (c) HFS, (d) KKM, and (e) KNP.  GPPEC data is used as the reference. 
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Figure 6. Taylor diagrams of GPP from gridded datasets at the grassland and mangrove sites used in this work, 505 

namely (a) JIT, (b) UIT, (c) PVM, and (d) SFT.  GPPEC data is used as the reference.  

At the PVM mangrove, SMAP performed well with a high correlation (r = 0.82), a relatively higher SD, and 

RMSE; NOAA performed poorly with a negative correlation (r = -0.18) and moderate RMSE (1.00 gC m-2 d-1) 

(Fig. 6a). At SFT, GOSIF performed well based on the highest r (0.45), relatively low SD (0.51 gC m-2 d-1), and 

RMSE (0.89 gC m-2 d-1) (Fig. 6b).  510 

3.6 Clustering of the global GPP datasets 

The circular cluster dendrogram for croplands (Fig. 7) shows that at BIT, the EC data are clustered with 

GLASS, FLUXCOM-RS, GED, GOSIF, XBASE, and PML_V2, indicating a similar pattern in GPP estimation. 

In contrast, MODIS, VODCA2GPP, and SMAP are relegated to a separate cluster, suggesting a moderate deviation 

(Fig. 7a). MuSyQ forms the third cluster, indicating a very distinct GPP estimation approach (Fig. 7a). At BKC, 515 
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none of the gridded GPP data clusters with the EC data, indicating that none of the datasets closely replicate the 

GPP measurement here (Fig. 7b). The second cluster contains GLASS, PML_V2, MuSyQ, XBASE, FLUXCOM-

RS, GED, GOSIF, and MODIS, suggesting that these datasets have similar GPP estimation patterns among 

themselves, which, however, diverges from the site measurements. VODCA2GPP is placed in the third cluster 

here, showing a moderate association with EC (Fig. 7b).  520 

At DIT, the first cluster includes XBASE, GLASS, GED, MODIS, SMAP, and PML_V2, with EC, whereas 

MuSyQ, and VODCA2GPP form the second and third clusters, respectively, indicating lowered association with 

EC (Fig. 7c). At NIT, none of the gridded GPP datais in the same cluster as EC, like BKC (Fig. 7d). At SIT, three 

clusters are formed, with the first one including only EC, while GLASS, MuSyQ, XBASE, GOSIF, XMAP, 

FLUXCOM-RS, GED, MODIS, and PML_V2 form the second cluster; VODCA2GPP is the sole member of the 525 

third cluster here (Fig. 7e).   

GED, XBASE, SMAP, GLASS, GOSIF, MuSyQ, FLUXCOM-RS, VODCA2GPP, MODIS, and PML_V2 

form cluster 1 at BFS, with EC being most closely aligned with GED (Fig. 7f). This association stems from a 

similar GPP estimation method implemented in both approaches, particularly the nighttime flux-partitioning 

(Reichstein et al., 2005). P_Model forms the other cluster at this site (Fig. 7f). At BFT, GLASS and GOSIF form 530 

the first cluster with EC, whereas VODCA2GPP forms the second, with rest all being relegated to the third cluster 

(Fig. 7g). At HFS, MuSyQ, GLASS, FLUXCOM-RS, and GOSIF form the first cluster with EC; XBASE, GED, 

MODIS, PML_V2, and SMAP form the second cluster and VODCA2GPP is relegated to the final cluster (Fig. 

7h). At KKM, the primary cluster includes GLASS, XBASE, GED, FLUXCOM-RS, GOSIF, and VODCA2GPP, 

with MuSyQ and P_model forming the next cluster; MODIS and PML_V2 form the last cluster (Fig. 7i). At KNP, 535 

GLASS, MuSyQ, XBASE, GOSIF, FLUXCOM-RS, GED, and SMAP form the first cluster with EC; MuSyQ, 

XBASE, GED, and SMAP are members of the same cluster; MODIS and PML_V2A form the second cluster, 

whereas VODCA2GPP is relegated to the most distant cluster (Fig. 7j).  

       Among the grassland sites, GLASS, XBASE, FLUXCOM-RS, GOSIF, and GED form the primary cluster at 

JIT (Fig. 7k). The second cluster here includes MUSYQ, MODIS, PML_V2, and SMAP, while the third cluster 540 

contains only VODCA2GPP (Fig. 7k). On contrary to this, at another grassland site, UIT, none of the datasets is 

in the first cluster with EC; GLASS, XBASE, FLUXCOM-RS, and GED belong to the next cluster; cluster 3 here 

includes only VODCA2GPP (Fig. 7l).  

Cluster 1 at the PVM mangrove included GOSIF, MODIS, PML_V2, SMAP, and XBASE; GED forms the 

second cluster here whereas, GLASS and MUSYQ form the last cluster (Fig. 7m). At SFT, GLASS, XBASE, 545 

GOSIF, and MUSYQ form the first cluster containing EC; FLUXCOM-RS, GED, PML_V2, and P_Model form 

the next cluster; MODIS forms the third cluster here (Fig. 7n). EC data stand for the ground truth of measurement 

and, by construction, falls in the first cluster at any site. If EC data are unavailable at any site, datasets in the first 

cluster can be used as the best approximation, followed by those in the second cluster, and so on.  
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  550 

Figure 7. Hierarchical cluster analysis of the gridded datasets at all the sites used in this work, namely (a) BIT, 

(b) BKC, (c) DIT, (d) NIT, (e) SIT, (f) BFS, (g) BFT, (h) HFS, (i) KKM, (j) KNP, (k) JIT, (l) UIT, (m) PVM, and 

(n) SFT. The distance from the origin of the plot to the end of the circle represents the similarity difference between 

databases) Each coloured line in the plot represents the number of clusters formed.
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3.7 Overall ranking of the GPP databases  555 

All the aforementioned global GPP databases are objectively ranked, as summarized in Figure 8. According 

to this ranking, Fluxcom consistently performed well across most sites, ranking first at BIT, DIT, and NIT, and 

maintaining strong performance at other sites, ranking from second to seventh. XBASE also ranked first at three 

forest sites (BFS, HFS, and KKM), whereas it ranked from second to eighth at other sites (Fig. 8). 

The GED dataset also demonstrated robust performance, ranking first at JIT, and second at NIT, BFS, and 560 

BIT (Fig. 8). Its performance was moderately good at other sites, with ranks ranging from second to sixth. GOSIF 

showed variability in its performance but excelled at BKC and BKC, where it secured the top rank (Fig. 8). At 

other sites, its ranks ranged from second to eighth, except at KNP, where it was tenth. GLASS ranked between 

second and eighth at all the sites, indicating a moderately good performance (Fig. 8).   

The MODIS ranked first in SIT; however, it showed a mixed performance with higher ranks (indicating lower 565 

performance) at other sites (Fig. 8). The PML_V2 ranked second at PVM, but did not show remarkable 

performance at the remaining sites (Fig. 8). Similarly, MuSyQ ranked first at KNP and second at UIT, without 

noteworthy performance at most of the sites (Fig. 8). SMAP achieved the top rank at PVM; however, its 

performance at other sites was lower (Fig. 8). VODCA2GPP did not perform well (Fig. 8). 

 570 

 

Figure 8. Site-wise ranking of the gridded GPP databases, based on MAE, RMSE, Pearson’s correlation, and R2. 

The number in each cell represents the rank of the dataset at each site, and the colour shows the rank position 

(lowered from green to red).  

4. Conclusion  575 

The present study objectively ranked the performance of global GPP product measurements for the first time 

in the Indian subcontinent, following a comprehensive performance assessment against their ground 

measurements at several flux towers representing four of India’s major land cover types. The EC GPP 

measurements across these sites revealed substantial variability in carbon fluxes influenced by crop growth stages, 

forest composition, climatic conditions, and agricultural practices (Deb Burman et al., 2025), underscoring the 580 

importance of recognizing and supervising carbon dynamics in diverse ecosystems for sustainable agriculture, 
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effective carbon sequestration, and climate change mitigation strategies. The performance evaluation of global 

GPP datasets following our multi-tiered approach reveals significant variability in the accuracy of different models 

across various ecosystems. Models like FLUXCOM-RS and XBASE demonstrate strong correlations with EC-

derived GPP in cropland and forest sites, but struggle in mangrove and some grassland regions. The results 585 

highlight the need for further refinement and the potential use of machine learning to enhance GPP estimation, 

especially in biologically complex environments like mangroves.  

The Taylor diagram analysis reveals varying performance among GPP databases across different sites. 

FLUXCOM-RS and GOSIF demonstrate consistently strong performance with high correlations and low RMSE 

at multiple sites, making them reliable choices for GPP modelling. Conversely, VODCA2GPP generally showed 590 

weaker performance, with high RMSE and low correlation, indicating less reliability for accurate GPP estimation 

in the evaluated regions. The cluster analysis reveals that various datasets exhibit different patterns in GPP 

estimation across sites. Notably, GOSIF strongly aligns with EC data at mangrove and forest sites, suggesting 

their effectiveness as alternatives when ground-based measurements are unavailable. In contrast, MODIS displays 

unique patterns, indicating the need for careful selection based on site-specific data characteristics.  595 

Overall, FLUXCOM-RS is the best dataset for cropland sites due to its consistently high performance across 

multiple evaluation metrics, including low error rates and strong correlation with observed data, whereas XBASE 

retains this distinction for the forests. GOSIF does the overall best job for the grasslands.   
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BIT and SIT are available on request from Suraj Reddy Rodda (surajreddy_r@nrsc.gov.in). Ther EC GPP data at 
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