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ABSTRACT 

Gross Primary Production (GPP) is the largest carbon flux in terrestrial ecosystems and 

plays a critical role in the global carbon cycle, climate regulation, ecosystem integrity, 

biodiversity maintenance, and food security. The ability to continuously and accurately 

observe and simulate GPP is fundamental for improving our understanding of 

biogeochemical feedback, assessing ecosystem responses to environmental change, and 

informing land management and sustainability strategies. Currently, GPP is primarily 

derived from eddy covariance flux tower observations and remote sensing-driven 

model products. However, existing global GPP datasets show considerable 

disagreement in both magnitude and seasonal dynamics, underscoring the need to 

improve GPP modeling frameworks for more robust global estimates. Additionally, the 

impact of natural disturbances (e.g., wildfire) on GPP and its post-disturbance recovery 

patterns remains poorly understood due to a lack of systematic assessments. This 

dissertation presents the development, improvement, and application of the Vegetation 

Photosynthesis Model (VPM), a light use efficiency (LUE) model, as a tool for global 

GPP estimation. This dissertation addresses two central research questions: (1) Can the 

newly developed improved versions of the VPM model (v3.0 and v4.0) accurately 

simulate both the magnitude and seasonal variation of GPP across site and global scales 

(Chapters 2–5)? (2) How do wildfire disturbances alter ecosystem carbon uptake (GPP), 

and what are the environmental drivers of post-fire GPP recovery trajectories (Chapters 

6–7)? Key findings show that VPM v3.0 can effectively capture observed GPP 

seasonality at four long-term deciduous broadleaf forest flux tower sites (2000–2020) 
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and across 205 globally distributed sites (spanning 1658 site-years and 11 biomes), with 

high agreement to flux data (slope = 0.97, R2 = 0.78, RMSE = 1.46 g C m-2 day-1). The 

model-derived global GPP was estimated at 143 ± 4 Pg C yr-1, and its 8-day time-series 

product showed strong agreement with other benchmark GPP datasets (e.g., VPM v2.0, 

BEPS, MOD17, GOSIF, BESS, and FLUXCOM), with correlation coefficients ranging 

from 0.88 to 0.95. Further extending the model, I incorporated atmospheric CO2 effects 

into VPM to develop VPM v4.0, which produced a higher global GPP estimate of 155 

± 6 Pg C yr-1, aligning with recent global estimations (150-175 Pg C yr-1). The model 

also captured interannual GPP variability (1.18 Pg C yr-1) and long-term increasing 

trends (0.78 Pg C yr-2). Using the GPP dataset estimated by VPM v3.0, I investigated 

the impacts of fire in two contrasting fire-prone regions: Australia and high-latitude 

forests. In Australia, I found that ecosystems show strong and rapid post-fire GPP 

recovery, primarily driven by post-fire precipitation. As a result, interannual variations 

in continental-scale GPP were more influenced by climate and land-use change than by 

fire, due to effective compensatory recovery. In high-latitude forests, the first-year post-

fire GPP recovery rate has declined since the early 2000s, mainly due to intensifying 

fire severity, increasing temperature, and vapor pressure deficit (VPD), and decreasing 

soil moisture. Overall, this dissertation highlights the importance of estimating long-

term, high-accuracy GPP products and improves our understanding of ecosystem 

responses to disturbance through a refined modeling framework. The insights gained 

offer valuable contributions to carbon cycle research and provide actionable tools for 

evaluating biosphere–atmosphere feedback under ongoing global change. 
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Chapter 1 : Introduction 

1.1 Background 

The global carbon cycle is a comprehensive network governing the movement, 

transformation, and storage of carbon among the atmosphere, oceans, terrestrial 

biosphere, and lithosphere (Change, 2007; Falkowski et al., 2000). Since the Industrial 

Revolution, human activities have profoundly altered this cycle. Atmospheric CO2 

concentrations have increased from 278 ppm in the pre-industrial era to over 420 ppm 

today (Friedlingstein et al., 2024), contributing to a rise in the global average 

temperature of 0.95°C to 1.2°C (Masson-Delmotte et al., 2021). This rise is largely 

driven by growing energy demand, abundant fossil fuel reserves, the lack of a globally 

coordinated strategy for alternative energy production, and continued population 

growth (Falkowski et al., 2000). 

The terrestrial carbon cycle refers to the dynamic processes through which carbon 

is exchanged and stored between the atmosphere and land ecosystems via 

photosynthesis, respiration, fire disturbances, and litter decomposition (Friedlingstein 

et al., 2024). Terrestrial ecosystems absorb atmospheric carbon through photosynthesis 

and release a comparable amount of CO2 through plant and soil respiration, making 

them one of the largest active carbon reservoirs on Earth. Their carbon sink function 

plays a crucial role in slowing the rise of atmospheric CO2 concentrations (Beer et al., 

2010; Friedlingstein et al., 2024; Pan et al., 2011). Understanding the interannual 

variability and long-term trends of terrestrial carbon sinks is therefore essential for 
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achieving national greenhouse gas reduction targets, promoting sustainable 

development, mitigating climate change, optimizing land use, and implementing 

ecological restoration strategies (Masson-Delmotte et al., 2021). Currently, terrestrial 

carbon sinks exhibit large interannual variability across both temporal and spatial scales, 

representing one of the most significant sources of uncertainty in global carbon cycle 

projections (Anav et al., 2015; Ryu et al., 2019). 

Terrestrial gross primary production (GPP) represents the largest carbon flux 

within the global land carbon cycle (Beer et al., 2010). As the total flux of carbon fixed 

by terrestrial vegetation through photosynthesis, GPP is the primary pathway through 

which atmospheric CO2 enters land ecosystems (Anav et al., 2015; Frankenberg et al., 

2011). It not only defines the upper limit of terrestrial carbon sink potential but also 

underpins ecosystem respiration, litter decomposition, and the structure of food webs 

by providing essential carbon and energy inputs (Davidson et al., 2006; Xia et al., 2015). 

Recent advances estimate global GPP at 150–175 Pg C year-1. Its interannual variability 

strongly influences the terrestrial carbon sink and, in turn, drives year-to-year 

fluctuations in atmospheric CO2 concentrations. These CO2 fluctuations feed back into 

climate processes, which then further affect GPP, forming a complex system of 

interactions and feedback  (Jian et al., 2022; Lai et al., 2024; Lisa R. Welp et al., 2011a). 

As such, GPP serves as a critical link between the climate system and terrestrial 

ecosystems. Continuous and accurate observation and modeling of GPP are essential 

for advancing understanding of carbon cycling and climate regulation, ecosystem 

health and biodiversity, global food security and sustainable development, and land 
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management and restoration strategies (Lieth, 1973). 

To date, GPP data have primarily been derived from two primary sources: ground-

based observations and model simulations. Among ground-based observations, the 

eddy covariance (EC) technique is the most widely used for measuring carbon, water, 

and energy fluxes at the ecosystem and site scales (Chu et al., 2021). EC technique, 

typically installed on flux towers, records net ecosystem exchange (NEE) (Baldocchi, 

2003). Under nighttime conditions, when photosynthesis ceases, NEE approximates 

ecosystem respiration (Reco). By modeling the relationship between nighttime NEE and 

temperature, a respiration model can be established and then extrapolated to daytime 

conditions to estimate daytime respiration. GPP is subsequently calculated as the 

difference between estimated Reco and measured NEE (GPP = Reco − NEE) (Baldocchi, 

2020). This method enables continuous, non-destructive monitoring of GPP at the 

ecosystem scale with high temporal resolution (half-hourly to hourly), offering essential 

insights into carbon cycle dynamics and the stability of natural carbon sinks (Pastorello 

et al., 2014). The EC technique has been implemented across numerous sites 

representing a wide range of biomes, climates, and years, many of which are organized 

into regional and global flux networks such as FLUXNET and AmeriFlux (Baldocchi, 

2014; Baldocchi et al., 2001). However, despite the steady expansion of flux tower 

installations, the number of operational sites remains limited due to the high costs 

associated with instrumentation, personnel, and long-term maintenance (Baldocchi, 

2014). Only a small subset of flux towers has measurement records exceeding a decade 

(Pan, Xiao, Pan, et al., 2024). Moreover, each tower provides flux data over a relatively 
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limited footprint scale, typically ranging from several hundred to a few thousand meters 

(Papale et al., 2006). 

Over the recent decades, numerous prognostic and diagnostic terrestrial biosphere 

models (TBMs) have been developed and applied to estimate global GPP (Anav et al., 

2015; Ryu et al., 2019). Beyond differences in input datasets, these models vary in 

structure, including the processes, variables, algorithms, and parameterizations 

employed. They encompass a broad range of approaches, such as independent inversion 

models using carbonyl sulfide, oxygen isotopes, or soil respiration data (Jian et al., 2022; 

Lai et al., 2024; Lisa R. Welp et al., 2011a), complex process-based Earth system 

models with detailed physiology, such as dynamic global vegetation models (DGVMs) 

(Sitch et al., 2003), and remote sensing-driven process models like PR, BESS, and 

BEPS (Keenan et al., 2016; Leng et al., 2023; B. Li et al., 2023). Light use efficiency 

(LUE) models, such as GLASS, VPM, EC-LUE, and MOD17, use remote sensing data 

to estimate GPP based on absorbed radiation and light use efficiency (Liang et al., 2021; 

Running et al., 2000; Xiao, Zhang, et al., 2004; Zheng et al., 2020a). In addition, 

statistical methods (e.g., GOSIF, NIRv) (Badgley et al., 2019; Li et al., 2019) and 

machine learning (e.g., FLUXCOM) (Jung et al., 2019) have also emerged as powerful 

tools for large-scale GPP estimation. Together, these models overcome the spatial and 

temporal limitations of the eddy covariance technique, enabling continuous monitoring 

of GPP dynamics and long-term trends across diverse geographic regions and 

ecosystems. As a result, a wide array of global GPP datasets has been generated, playing 

a critical role in advancing our understanding of the global carbon cycle and evaluating 
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feedback between terrestrial ecosystems and climate change. 

Among these models, one class explicitly calculates light absorption and 

approximates the complex process of carbon fixation using light use efficiency (LUE) 

(Monteith, 1972). The fundamental assumption of LUE models is that photosynthesis 

is a relationship with the amount of absorbed photosynthetically active radiation (APAR) 

and the light use efficiency (ϵg), expressed as: 

GPP = APAR ×  ϵg (1.1) 

ϵg is a parameter related to the maximum light use efficiency (ϵmax), which represents 

the theoretical upper limit of light use efficiency under non-stressed or optimal growing 

conditions (Monteith, 1972, 1977). In reality, photosynthetic capacity is influenced not 

only by light availability but also by environmental constraints such as temperature and 

water. Therefore, ϵg is commonly adjusted by incorporating environmental factors: 

 ϵg = ϵmax  × f(Environmental factors) (1.2) 

Compared to fully process-based models, which require the explicit simulation of 

physiological mechanisms, involve numerous parameters, and demand high 

computational resources, the LUE model offers a more streamlined and efficient 

framework (Pei et al., 2022). Its key advantages include: (1) Scalability: Driven by 

remote sensing inputs, LUE models can be applied from site-level to global-scale 

analyses (Running et al., 2004). (2) Simplicity and transparency: With fewer parameters 

and a clear structure, LUE models are easier to calibrate, transfer across regions, and 

integrate with multi-source datasets, reducing the propagation of uncertainty (Zheng et 

al., 2018). (3) Mechanistic yet practical: By adjusting light use efficiency with dynamic 
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stress functions, the model can incorporate environmental factors in structure, 

balancing mechanistic interpretability with operational simplicity and low cost (Xiao, 

Zhang, et al., 2004). As results, LUE models have been widely adopted in current 

research and represent an efficient approach for long-term, large-scale GPP estimation. 

Over the past few decades, numerous LUE models have been developed to 

estimate GPP. Representative models include the MODIS GPP model (MOD17) 

(Running et al., 2000), the Photosynthetic Capacity Model (PCM) (Gao et al., 2014), 

the Vegetation Photosynthesis Model (VPM) (Xiao, Zhang, et al., 2004), the Carnegie–

Ames–Stanford Approach (CASA) (Potter et al., 1993), EC-LUE (Yuan et al., 2007), 

and the Terrestrial Ecosystem Carbon (TEC) flux model (Yan et al., 2015). However, 

these models differ in several key aspects, including the satellite-based inversion of 

APAR and the parameterization of light use efficiency. These differences contribute to 

substantial inconsistencies in both the magnitude and interannual variability of global 

GPP estimates. Notable issues include: (1) Systematic underestimation of APAR, 

particularly in high-latitude broadleaf forests (B. Pan et al., 2025). (2) Biome-specific 

fixed values or empirical regressions for the light use efficiency parameter, which fail 

to account for physiological differences and climatic adaptations across geographic 

regions (Yao Zhang et al., 2017). (3) Overly simplified environmental stress functions, 

leading to underestimation of drought impacts on GPP in arid regions (Meng et al., 

2025), and the omission of the effects of rising atmospheric CO2 concentration on light 

use efficiency (Keenan et al., 2023). As a result, current LUE models produce widely 

varying global annual GPP estimates, ranging widely from 100 to 160 Pg C yr-1, with 
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weak signals of interannual variability or long-term trends (Anav et al., 2015; Ryu et 

al., 2019). Additionally, when compared with process-based models, LUE models often 

significantly underestimate GPP in tropical regions (Lai et al., 2024). 

The VPM model is an LUE model that calculates PAR absorbed by chlorophyll 

(APARchl) (Xiao, Hollinger, et al., 2004; Xiao, Zhang, et al., 2004), distinguishing it 

from other models that calculate PAR absorbed by the canopy (APARcanopy) (Potter et 

al., 1993; Running et al., 2000). Vegetation canopies consist of chlorophyll and other 

components unrelated to photosynthesis, with photosynthetic activities occurring in 

chloroplasts. The VPM model excludes PAR absorbed by components unrelated to 

photosynthesis (e.g., leaf veins, senescent leaves, early branches, and stems), reducing 

their impacts on the simulation of photosynthesis in the canopy (Xiao, Hollinger, et al., 

2004; Xiao, Zhang, et al., 2004). The VPM model (v1.0 and v2.0) used the maximum 

LUE for individual land cover types (or biome-specific LUE) and accounts for the 

environmental stressors such as air temperature (Tscalar) and water (Wscalar), in the 

maximum LUE parameter. Many publications evaluated the VPM model at eddy flux 

tower sites and reported that VPM v2.0 provided reasonably satisfactory performance 

in estimating GPP (Table 1.1). Simulations of VPM v2.0 were already carried out for 

North America (2010), China (2007 to 2014), and the globe (2000 to 2016) (Ma et al., 

2018; Yao Zhang et al., 2016; Yao Zhang et al., 2017). 

Table 1.1: A list of publications involving the VPM model and its simulations at 

site, region, and global scales. ENF: Evergreen needleleaf forest; DBF: Deciduous 

broadleaf forest; GRA: Grassland; WET: Wetland; SHL: Shrubland; CRO: 
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Cropland; MF: Mix forest; SAV: Savana; EBF: Evergreen broadleaf forest; WSA: 

woody savanna. 

Model and version Scale Biome and Publications 

VPM v1.0 

Site 

ENF (Xiao, Hollinger, et al., 2004; Xiao et al., 2005), DBF 

(John et al., 2013; Xiao, Zhang, et al., 2004), GRA (He et al., 

2014; Li et al., 2007; Wang et al., 2010), WET (Kang et al., 

2014), SHL (John et al., 2013; Li et al., 2007), CRO (John et 

al., 2013; Kalfas et al., 2011; Wang et al., 2010; Yan et al., 

2009), MF (Wu et al., 2009), SAV (Jin et al., 2013) 

Region Tibetan Plateau (He et al., 2014) 

Globe / 

VPM v2.0 

Site 

ENF (Yao Zhang et al., 2016), DBF (Yao Zhang et al., 

2016), CSH (Yao Zhang et al., 2016), GRA (Celis et al., 

2024; Doughty et al., 2018; Wagle et al., 2015; Wagle et al., 

2014; Yao Zhang et al., 2016), CRO (Celis et al., 2024; 

Doughty et al., 2018; Huang et al., 2021; Wagle et al., 2015; 

Wu et al., 2018; Xin, Xiao, Dong, et al., 2020; Xin et al., 

2017; Yao Zhang et al., 2016), MF (Yao Zhang et al., 2016), 

OSH (Yao Zhang et al., 2016), WET (Yao Zhang et al., 

2016), WSA (Yao Zhang et al., 2016), Sugarcane (Celis et 

al., 2023; Xin, Xiao, Cabral, et al., 2020) 

Region 

North America (Yao Zhang et al., 2016), China (Ma et al., 

2018) 

Globe Global (Yao Zhang et al., 2017) 

Although VPM has been widely applied and has demonstrated robust performance, 

its current framework still presents several notable limitations. First, both VPM v1.0 
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and v2.0 rely on biome-specific fixed parameters, which fail to adequately capture the 

physiological differences and climate adaptations of vegetation across geographic 

gradients (Chang et al., 2021a; Chang et al., 2020). Second, site-level simulations 

suggest that VPM underestimates APAR in northern needleleaf forests (B. Pan et al., 

2025) and exhibits overly conservative responses to water stress, resulting in an 

overestimation in arid/semi-arid ecosystems (Meng et al., 2025). In addition, current 

versions do not explicitly incorporate the CO2 fertilization effect—the enhancement of 

photosynthesis due to rising atmospheric CO2 concentrations—potentially 

underestimating the magnitude of GPP and its interannual variability, which becomes 

more pronounced when scaled to the global level (Anav et al., 2015). Due to these 

combined limitations, VPM v2.0 produces global GPP estimates in the range of 120–

130 Pg C yr-1 (Yao Zhang et al., 2017), significantly lower than recent estimates based 

on independent inversion methods, which estimate global GPP between 150 and 175 

Pg C yr-1 (Lisa R. Welp et al., 2011b). These gaps highlight the urgent need to improve 

model parameterization, update high-quality meteorological and remote sensing inputs, 

and refine environmental stress functions to produce a more reliable and robust long-

term global GPP dataset. 

Long-term, continuous, and highly robust global GPP datasets provide 

unprecedented capabilities for quantifying the responses of terrestrial ecosystems to 

climate change, disturbances, and land-use transitions at both regional and global scales 

(Running et al., 2004). In recent decades, the combined effects of global warming and 

intensifying droughts have led to a widespread increase in fire risk. Wildfires are 
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occurring with greater frequency, intensity, and severity (Richardson et al., 2022). By 

consuming canopy biomass and surface litter, fires directly reduce leaf area index (LAI) 

and APAR, resulting in significant negative GPP anomalies in the year of the fire (Zong 

et al., 2024). Recent studies indicate that over the past two decades, substantial CO2 

emissions from fires have weakened terrestrial carbon storage, reinforcing the 

warming–drought–fire–carbon emission feedback loop and further elevating future fire 

risk (Jones et al., 2022). 

Australia, due to its unique climatic and ecological conditions, has long been a 

global hotspot for wildfires. The 2019–2020 “Black Summer” fires highlight the 

region's significance as a case study for evaluating fire-induced GPP losses and post-

fire recovery dynamics (Qin et al., 2022). Similarly, northern high-latitude forests are 

experiencing rising fire frequency and intensity. Model projections suggest that some 

of these regions could shift from net carbon sinks to persistent carbon sources by mid-

century (Virkkala et al., 2025). 

Therefore, systematically quantifying wildfire impacts on terrestrial GPP and 

mapping post-fire recovery trajectories using global GPP datasets has become one of 

the most urgent tasks in carbon cycle research and carbon budget assessments. Such 

efforts will provide critical scientific support for fire risk early warning systems, 

ecosystem restoration planning, and greenhouse gas mitigation policies. 

1.2 Overall research objectives 

This dissertation has two main objectives: (1) Improvement and development of new 

versions of the Vegetation Photosynthesis Model (VPM v3.0 and VPM v4.0) and to 
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construct a long-term global GPP dataset with high spatial and temporal resolution 

(Chapter 2 – Chapter 5). (2) The application of the global GPP dataset focuses on 

investigating the responses of terrestrial ecosystems to wildfire disturbances and 

identifying their underlying drivers (Chapter 6 – Chapter 7). 

Building upon the existing VPM v2.0 framework, this study first developed VPM 

v3.0 by introducing key parameterization improvements related to vegetation and 

environmental drivers. Specifically, leaf trait differences between broadleaf and 

needleleaf vegetation types were incorporated on the light absorption side, while 

distinctions between C3 and C4 photosynthetic pathways were used to refine the 

regulation of maximum light use efficiency. In addition, a global site-specific apparent 

optimum temperature dataset (Topt-site) was constructed using long-term flux tower 

records, surface reflectance datasets, and climate reanalysis data. The water stress 

function was updated to enhance model sensitivity to drought. VPM v3.0 performance 

was first evaluated at four long-term observed deciduous broadleaf forest sites (CA-

Cbo, US-Ha1, US-MMS, and US-WCr) by comparing GPP estimates against in situ 

eddy covariance GPP observations. Subsequently, the site-specific Topt was estimated 

globally to drive VPM v3.0 for global GPP estimation. It is important to note that VPM 

v3.0 does not explicitly account for atmospheric CO2 concentration. To incorporate CO2 

in the model, VPM v4.0 is developed by incorporating the direct CO2 effect into the 

model based on the biochemical photosynthetic CO2 assimilation theory (FvCB model). 

Using VPM v4.0, global GPP was re-estimated, and analyses were conducted on the 

interannual variability and long-term trends of global annual GPP. 
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Using the global GPP dataset estimated with VPM v3.0, this dissertation focuses 

on the impacts of wildfire disturbances on terrestrial ecosystems and their post-fire 

recovery processes. The analysis centers on two key regions: Australia and high-latitude 

forests. In Australia, the post-fire recovery trajectories of vegetation productivity were 

explored for the period 2011–2019 following fire events. In high-latitude forests, the 

study investigated the spatial and temporal patterns of first-year post-fire recovery from 

2002 to 2022. 

By integrating eddy covariance observations with multi-source satellite data, this 

dissertation aims to construct a more robust global GPP dataset. The goal is to provide 

a robust benchmark for quantifying both the impacts of wildfires on the carbon cycle 

and the resilience of ecosystem recovery, while also offering new scientific insights to 

improve national greenhouse gas inventories, fire risk management, and ecological 

restoration strategies. 

1.3 Organization of the dissertation 

This dissertation proposal consists of six main chapters, each focusing on the following 

key content: 

Chapter 2：Modeling gross primary production at four deciduous broadleaf 

forest eddy flux tower site using Vegetation Photosynthesis Model (VPM v3.0). 

This chapter presents the development and evaluation of VPM v3.0 based on the 

existing VPM framework. Key modifications include the integration of MODIS 

MOD19A1 surface reflectance data and ERA5-Land reanalysis climate data as model 

inputs, along with the incorporation of site-specific apparent optimum temperature 
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(Topt-site) in the parameterization scheme. VPM v3.0 was applied to four long-term 

observed eddy covariance flux tower sites located in temperate deciduous broadleaf 

forests across North America (CA-Cbo, US-Ha1, US-MMS, and US-WCr) to estimate 

8-day GPP from 2000 to 2020. Model outputs were compared against observed GPP 

from flux towers to assess the robustness and applicability of VPM v3.0 at the site scale. 

Additionally, this chapter explores the interannual variability of atmospheric CO2 

concentration, climate variables, vegetation indices, phenological metrics, and carbon 

fluxes at these four sites, and discusses the potential drivers underlying year-to-year 

variations in GPP. 

Chapter 3：Site-specific apparent optimum air temperature for vegetation 

photosynthesis across the globe. Building on the findings of Chapter 2, which 

demonstrated the high robustness of VPM v3.0 in site-level GPP estimation when 

incorporating site-specific apparent optimum temperature (Topt-site), this chapter focuses 

on generating a global Topt-site dataset to enable global GPP estimation using VPM v3.0. 

Specifically, MODIS MOD19A1 surface reflectance data and ERA5-Land daytime air 

temperature data are used to construct site-specific EVI-temperature response curves. 

These curves are used to estimate the Topt-site, producing a global dataset of Topt-site at 

500-meter spatial resolution. This dataset serves as a key model input for VPM v3.0 in 

global GPP estimation. In addition, the chapter examines the spatial distribution of Topt-

site globally and analyzes its variation across different biomes, providing insights into 

how vegetation physiological responses to temperature differ by climate zone and 

ecosystem type. 
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Chapter 4：Modeling gross primary production across the globe using Vegetation 

Photosynthesis Model (VPM v3.0). This chapter applies VPM v3.0 to estimate global 

GPP at an 8-day temporal resolution and 500-meter spatial resolution. The model is 

driven by MODIS MOD19A1 surface reflectance data, ERA5-Land climate reanalysis 

data, and the global Topt-site dataset generated by Chapter 3. To evaluate the VPM v3.0’s 

performance, a comprehensive set of in situ GPP observations was collected from 205 

eddy covariance flux tower sites, covering 11 biomes and totaling 1,658 site-years. 

Additionally, satellite-derived solar-induced chlorophyll fluorescence (SIF) data from 

the TROPOMI (2018–2021) are used to validate the seasonal dynamics of GPP 

estimates independently. This chapter also compares GPP from VPM v3.0 with widely 

used global GPP products, analyzing both the magnitude and seasonality to assess 

consistency and divergence. The findings provide a methodological and empirical 

foundation for generating a long-term, highly robust global GPP dataset using VPM 

v3.0. 

Chapter 5：Incorporating CO2 into VPM to improve global gross primary 

production estimates. This chapter builds upon the VPM v3.0 framework by 

integrating the biochemical photosynthetic CO2 assimilation theory (FvCB model) to 

develop VPM v4.0, which explicitly accounts for the effects of rising atmospheric CO2 

concentration on photosynthesis. VPM v4.0 considers distinctions in chlorophyll 

absorption characteristics between broadleaf and needleleaf vegetation types, as well 

as between C3 and C4 photosynthetic pathways. It also refines the parameterization of 

light use efficiency by jointly considering site-specific temperature, water availability, 
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and atmospheric CO2 concentration. Global GPP was estimated from 2000 to 2023 

using VPM v4.0. Model outputs were evaluated against in-situ GPP observations from 

eddy covariance flux tower sites and compared with other widely used global GPP 

products. The assessment focused on GPP estimation magnitude, interannual variability, 

and sensitivity to rising CO2 concentration. 

Chapter 6：Application of GPP dataset: a case study of post-fire recovery of 

vegetation productivity in Australia. Building on the global GPP dataset generated in 

Chapter 4, this chapter investigates the impact of wildfire disturbances on ecosystem 

productivity in Australia. By integrating the 1-km resolution satellite-based active fire 

product with the 500-meter GPP dataset, this study investigates post-fire vegetation 

productivity recovery trajectories of fire-affected pixels in Australia from 2011 to 2019. 

Key recovery metrics include recovery ratio, recovery magnitude, recovery slope, and 

recovery years. ERA5-Land precipitation data and fire behavior indicators (e.g., fire 

frequency and fire severity) are incorporated to identify the drivers of post-fire 

vegetation recovery. This chapter also quantifies the role that fire-induced interannual 

GPP differences contribute to the overall interannual differences of continental-scale 

GPP in Australia. 

Chapter 7：Application of GPP dataset: a case study of first-year post-fire 

recovery of vegetation productivity in northern high latitude forests. This chapter 

investigates the impact of wildfire disturbances on high-latitude forests located north 

of 40°N, using the global GPP dataset developed in Chapter 4. By integrating a 500-

meter satellite-derived burned area product with 500-meter GPP dataset, this chapter 
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investigates the spatial and temporal patterns, as well as the underlying drivers, of first-

year post-fire vegetation productivity recovery across northern high-latitude forests 

from 2002 to 2022. The chapter begins by characterizing the spatial distribution of fire 

area, severity, and intensity in high-latitude forests. It then analyzes the spatial and 

temporal patterns of first-year post-fire GPP recovery, stratified by forest functional 

types (needleleaf and broadleaf forests) and by four major geographic regions (Siberia, 

Northern North America, Northern Asia, and Northern Europe). Interannual variability 

and decadal trends in first-year post-fire GPP recovery are assessed, followed by an 

evaluation of key drivers, including fire intensity, fire severity, and climate conditions. 
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Chapter 2 : Modeling gross primary production at four 

deciduous broadleaf forest eddy flux tower site using 

Vegetation Photosynthesis Model (VPM v3.0)  

ABSTRACT 

Accurate modeling of gross primary production (GPP) and its interannual variability in 

deciduous broadleaf forests is essential for understanding forest responses to 

environmental change. This chapter evaluates the performance of the improved VPM 

v3.0 model in estimating GPP at the site scale. Compared to its earlier versions (VPM 

v1.0 and VPM v2.0), VPM v3.0 integrates site-specific apparent optimum temperature 

(Topt-site) parameters and utilizes ERA5-Land reanalysis dataset to improve estimation 

accuracy. Specifically, VPM v3.0 was applied to four long-term eddy covariance flux 

tower sites located in temperate deciduous broadleaf forests in Canada (CA-Cbo) and 

the United States (US-Ha1, US-MMS, US-WCr) and Canada, estimating 8-day GPP 

time series from 2000 to 2020. Results show that GPP estimated by VPM (GPPVPM) 

closely matched flux tower observations (GPPEC) in both magnitude (slopes ranging 

from 0.85 to 1.25) and seasonal dynamics (R² ranging from 0.77 to 0.89). The chapter 

further explores decadal trends in atmospheric CO₂ concentration, climate variables, 

vegetation indices, phenology, and carbon fluxes at these sites. From 2000 to 2020, 

trends in GPP varied by site, ranging from positive (CA-Cbo) to negligible (US-Ha1, 

US-MMS, and US-WCr), depending on local changes in CO2 concentration and climate 

conditions. These findings demonstrate the robust performance of VPM v3.0 in 
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estimating GPP over two decades in deciduous broadleaf forests, supporting its 

potential for global-scale application and high-precision GPP dataset development. 

2.1 Introduction 

The exchange of carbon fluxes  between land ecosystems and the atmosphere represents 

a fundamental physiological function and serves as a key metric for evaluating 

ecosystem services (Keenan et al., 2014; Piao et al., 2007; Piao et al., 2013). Among 

these fluxes, gross primary production (GPP), which represents the total amount of CO2 

assimilated by vegetation through photosynthesis, plays a central role in regulating the 

global carbon balance (Anav et al., 2015; Frankenberg et al., 2011). Accurate 

measurement and estimation of GPP is essential for assessing terrestrial carbon 

dynamics, whether across the site scale to the global scale. 

The eddy covariance (EC) technique is widely recognized as the most precise 

micrometeorological approach for monitoring ecosystem-scale exchanges of carbon, 

water, and energy. It has been extensively applied across diverse ecosystems, climatic 

zones, and time periods, with many observation sites integrated into international flux 

monitoring networks such as FLUXNET and AmeriFlux (Baldocchi et al., 2001; Chu 

et al., 2021). The measurement from these flux towers serves as a critical reference for 

evaluating GPP estimation from various modeling frameworks (Li et al., 2021; Salazar-

Martínez et al., 2022). 

Despite the growing number of flux towers worldwide, their deployment remains 

constrained by substantial financial and logistical demands, including high costs for 

instruments, labor, and maintenance (Baldocchi, 2014). As a result, long-term 
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measurement records exceeding a decade are rare. Furthermore, the spatial footprint of 

an EC tower is inherently limited, capturing fluxes only within the order of hundreds 

of meters to a few kilometers (Papale et al., 2006). These constraints mean that many 

studies are confined to short temporal windows, making it difficult to draw robust 

conclusions about long-term vegetation-climate interactions. 

In recent decades, although significant progress has been made in estimating the 

spatial and temporal dynamics of GPP across the site scale to global scale, large 

discrepancies still exist among terrestrial biosphere models (TBMs), particularly in 

terms of simulations of GPP magnitude and seasonality (Anav et al., 2015; Arora et al., 

2013). Process-based model, statistical empirical model, and machine learning methods 

show considerable promise for advancing GPP estimation (Jung et al., 2020; Li et al., 

2019; Wagle et al., 2016), yet substantial uncertainties persist due to differences in 

model structures, parameter complexity, and input requirements (Anav et al., 2015; 

Rogers, 2014; Rogers et al., 2017). 

Among various models, light use efficiency (LUE) models provide a more 

streamlined and computationally efficient framework by linking GPP directly to 

absorbed photosynthetically active radiation (APAR) and light use efficiency (Monteith, 

1972). LUE models can be broadly categorized into two groups. The first group 

estimates APAR based on the fraction of incident photosynthetically active radiation 

(PAR) absorbed by the canopy (fPARcanopy), often characterized by using normalized 

difference vegetation index (NDVI) or leaf area index (LAI) as proxies (Potter et al., 

1993; Zhao et al., 2005). However, this approach does not differentiate between 
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photosynthetically active and non-active materials (e.g., senescent leaves, woody 

tissue), which fluctuate seasonally and contribute to substantial overestimation of 

effective light absorption. The second group refines this approach by estimating the 

fraction of PAR explicitly absorbed by chlorophyll (fPARchl), which more directly 

represents the light used in photosynthesis. The Enhanced Vegetation Index (EVI) is 

often used as a proxy for APARchl (Xiao, Hollinger, et al., 2004; Xiao, Zhang, et al., 

2004). A leading model in this category is the Vegetation Photosynthesis Model (VPM), 

which explicitly incorporates APARchl into its structure. 

VPM has been widely applied to estimate GPP across a variety of ecosystems, 

including forests (Xiao, Hollinger, et al., 2004; Xiao et al., 2005), grasslands (Doughty 

et al., 2018; Wang et al., 2018), croplands (Wu et al., 2021; Xin et al., 2017) and 

wetlands (Kang et al., 2016; Kang et al., 2014). VPM has evolved into its second 

version (VPM v2.0), which estimated the global GPP at 120 - 130 Pg C yr-1 (Yao Zhang 

et al., 2017) —notably lower than more recent estimates that global GPP  at 150 - 175 

Pg C yr-1 (Lisa R Welp et al., 2011). Given these discrepancies and the known 

sensitivities of VPM outputs to both climatic inputs and model parameterization, there 

is a clear need to refine and advance VPM beyond its current version to improve global 

GPP estimation accuracy. 

This chapter focuses on four long-term eddy flux tower sites, located in deciduous 

broadleaf forests (DBF), with continuous observations spanning from 2000 to 2020.  

Using the newly developed VPM v3.0 model, this chapter estimated 8-day GPP and 

evaluated the model’s performance against flux tower measurements. Two key research 
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questions guided this analysis: (1) To what extent can VPM v3.0 estimate the magnitude 

and seasonal dynamics of GPP in these four DBF sites over the past two decades? (2) 

What are the patterns of interannual variability and long-term trends in atmospheric 

CO2 concentration, climatic variables, vegetation indices, phenology, and carbon 

uptake at these sites? By conducting a two-decade estimation and evaluation, this 

chapter aims to establish a benchmark for future regional and global estimations of 

VPM v3.0. It also offers valuable insights into how atmospheric CO2 concentration has 

risen and climate variability has influenced the functioning of long-term deciduous 

forest ecosystems. 

2.2 Materials and Methods 

2.2.1 Study area 

To better understand multi-decadal variations of carbon and water fluxes of mature 

deciduous broadleaf forests and to assess the performance of the VPM and VTM 

models in estimating forest carbon and water fluxes over multiple decades, we screened 

all eddy flux sites within the AmeriFlux networks. Among all the deciduous broadleaf 

forest sites, four sites with observation spanning from 2000 to 2020 met the purpose of 

this study. These four sites are Borden Forest Research Station (CA-Cbo), Harvard 

Forest EMS Tower (US-Ha1), Morgan Monroe State (US-MMS), and Willow Creek 

(US-WCr).  Note in US-WCr, the site underwent some unique events. In the late spring 

of 2001, a severe pest infestation led to a complete canopy drop in June. Additionally, 

commercial logging activities during the winters of 2013 and 2014 resulted in a 30% 
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reduction in the upper biomass. All four sites are located on flat terrain, and the 

distribution of these four sites is shown in Figure 2.1. Table 2.1 is brief summary and 

detailed descriptions can be obtained via AmeriFlux (https://ameriflux.lbl.gov/). 

 

Figure 2.1: The location and surrounding landscapes of four deciduous broadleaf 

forest sites. The polygon is the MODIS pixel at 500-meter spatial resolution where 

the eddy flux tower is located. 

Table 2.1: The characteristics of the four deciduous broadleaf forest tower sites 

(three in the U.S.A., one in Canada). MAP: mean annual precipitation (mm); MAT: 

mean annual temperature (℃); MH: mean height (m); MLAI: mean leaf area 

index (m2 m-2). 

 

 

 

 

https://ameriflux.lbl.gov/
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 CA-Cbo US-Ha1 US-MMS US-WCr 

Country Canada U.S.A. U.S.A. U.S.A. 

Lat 44.3167 42.5378 39.3232 45.8059 

Lon -79.9333 -72.1715 -86.4131 -90.0799 

Elevation  120 340 275 520 

MAP  932 1216 1108 697 

MAT 6.66 6.62 10.85 4.02 

Main 

species 

1.red maple  

(Acer rubrum);  

2. eastern white 

pine (Pinus 

strobus); 3.large-

tooth aspen 

(Populus 

grandidentata); 

4.white ash  

(Fraxinus 

americana) 

1.oak-maple 

(Quercus rubra-

Acer rubrum);  

2. eastern 

hemlock (Tsuga 

canadensis); 

 3. red maple 

(Acer.rubrum) 

1. sugar maple 

 (Acer 

saccharum); 2. 

tulip poplar 

(Liriodendr-on 

tulipifera);  

3. sassafras 

(Sassafras 

albidum);  

4. Oaks 

 (Quercus) 

1.sugar maple  

(Acer saccharum); 

2. basswood  

(Tilia americana); 

3. green ash 

(Fraxinus 

pennsylvanica); 

4. red oak  

(Quercus rubra) 

MH (m) 21 20-24 27 25 

MLAI  3.58 3.91 4.48 4.44 

Forest age 110 88~123 90~100 74~96 

Literature (Lee et al., 1999) 

(Motzkin et al., 

1999) 

(Dragoni et al., 

2011) 

(Cook et al., 2004) 

2.2.2 In-situ data from the eddy flux tower sites 

Eddy flux tower data for the four sites were downloaded from the AmeriFlux data portal 
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(http://ameriflux.ornl.gov/). The EC technology measures the net ecosystem exchange 

(NEE) of CO2 between the land surface and the atmosphere, and the NEE data are 

partitioned to estimate GPPEC and ecosystem respiration (ER) by the equation NEE = 

GPP - ER (Lasslop et al., 2010; Reichstein et al., 2005). The ET is converted from the 

latent heat flux (LE) using the Penman-Monteith equation (Cai et al., 2007), LE is 

estimated from direct measurements of the product of vertical velocity fluctuations and 

scalar concentration fluctuations by the EC technique. Considering that the energy 

balance of the eddy flux tower is usually not closed (Jung et al., 2011a), we also selected 

the LE corrected by the energy closure factor (LEcorr), which is only included in the 

CA-Cbo, US-MMS, and US-WCr sites. We generated two sets of ETs based on two LE 

sources (Eqs. (2.1) - (2.3)): 

ETEC =
LE

λ
(2.1) 

ETEC-corr =
LEcorr

λ
(2.2) 

λ = 10
3  × (2500 − 2.37TDT) (2.3) 

where LE is the latent heat flux (W m-2) measured by eddy flux tower, LEcorr is LE 

corrected by energy balance closure correction factor, λ  is the latent heat of 

vaporization (J Kg-1), and TDT is the daytime air temperature (℃). 

2.2.3 MODIS surface reflectance and vegetation indices 

The Moderate Resolution Imaging Spectroradiometer (MODIS) is a key instrument on 

the Terra satellite, which was successfully launched in December 1999 (Justice, 

Townshend, et al., 2002). The MODIS sensor monitors the changes of the earth's 

surface in 36 spectral bands in the wavelength range from 0.405 μm to 14.385 μm with 

http://ameriflux.ornl.gov/
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a high temporal resolution of 1 day, and the seven bands in the wavelength range from 

0.459 μm to 2.155 μm are mainly used to study vegetation and land surface: blue 

(0.459–0.479 μm), green (0.545–0.565 μm), red (0.620– 0.670 μm), near infrared 

(0.841–0.875 μm, 1.230–1.250 μm), and shortwave infrared (1.628–1,652 μm, 2.105–

2.155 μm). The MOD09A1 product provides the highest quality observation of the 

seven bands of surface spectral reflectance in the Level 2G MOD09GHK data at 500m 

spatial resolution and 8-day temporal resolution, and the data are radiometrically and 

geometrically corrected (Anderson et al., 2005). 

        To generate continuous high-quality surface reflectance time series data, we use 

the quality detect method of QA bands to identify bad-quality observations. The QA 

band provides binary information for each pixel about clouds (1 << 10), cloud shadows 

(1 << 2), and snow (1 << 12). If these binary checks result in 0, it indicates that the 

pixel is a good-quality observation, not covered by clouds, shadows, or snow. For those 

pixels with bad-quality observations, the gaps are filled using a linear interpolation 

method based on the high-quality observations. Then, we used the processed 8-day 

surface spectral reflectance data to generate high-quality and continuous time series 

data of Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1974), Enhanced 

Vegetation Index (EVI) (Huete et al., 2002), and Land Surface Water Index (LSWI)  

(Huete et al., 2002). These indices are useful for monitoring vegetation changes over 

time. The equations of three vegetation indices are as follows (Eq. (2.4) - (2.6)): 

NDVI =
ρ

nir
 - ρ

red

ρ
nir

 + ρ
red

(2.4) 

EVI = 2.5 ×  
ρ

nir
 - ρ

red

ρ
nir

 + (6 × ρ
red

- 7.5 × ρ
blue

)+1
(2.5) 
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LSWI =
ρ

nir
 - ρ

swir

ρ
nir

 +  ρ
swir

(2.6) 

where ρ
nir

 , ρ
red

, ρ
blue

, and ρ
swir

 are the surface reflectance bands of near infrared, red, 

blue, and shortwave infrared, respectively. Since the flux towers might be located on 

the border of a MODIS pixel, we conducted tests using a 3x3 MODIS pixel window to 

ensure that the pixel containing the tower matches the flux tower's footprint (Figure 

2.2). Taking the EVI as an example, at three sites surrounded by pure forests (US-Ha1, 

US-MMS, US-WCr), the EVI of the pixel where the flux tower is located closely 

matches the mean EVI of the 3x3 MODIS pixels. However, a significant disparity was 

observed at the heterogeneous site CA-Cbo site, and thus, we use only the pixel where 

the tower is located as the input for model simulation. 
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Figure 2.2: Distribution of EVI values in 3x3 MODIS pixels window of sites. (a) to 

(d) are the landscape of the four flux towers and their surrounding 3x3 MODIS 

pixels window; (e) to (h) are the histograms of EVI for the 3x3 MODIS pixels of 

the four flux towers, using data from July 27, 2020, as an example. The red dot 

line indicates the mean EVI of the nine pixels (EVImean), and the yellow dot line 
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denoting the EVI of the pixel where the tower is located (EVItower, which is utilized 

as an input in VPM v3.0). 

2.2.4 ERA5-Land climate data 

We used the ERA5-Land Hourly Climate Reanalysis dataset produced by the European 

Center for Medium-Range Weather Forecasts (ECMWF) (Zhu et al., 2021). The air 

temperature and shortwave radiation downward are selected and converted to daily 

daytime from hourly. In this study, we set the time resolution of the time series data to 

an 8-day interval to match the MODIS dataset.  These daily interval data were then 

aggregated over 8-day periods by computing the average value within the period. The 

formulae of converting shortwave radiation downward to PARDT_ERA5 is as follows 

(Ryu et al., 2018): 

PARDT_ERA5 = SWrad  × rPAR_SW  ×  β (2.7) 

where SWrad  (J m-2) is downward shortwave radiation in the ERA5-Land dataset; 

rPAR_SW  = 0.45 is the ratio of PAR to SW (Ma et al., 2014; Meek et al., 1984), β = 4.56 

μmol J-1 is the energy-quanta conversion factor (Dye, 2004). We compared TDT and 

PARDT from ERA5-Land and the eddy flux tower (Figure 2.3, Figure 2.4). The four 

sites have small differences in TDT and PARDT between the ERA5 dataset and the eddy 

flux tower measurement, TDT having R2 of 0.99 and RMSE ranging from 1.09 ℃ to 

1.55 ℃, and PARDT having R2 of 0.95 and RMSE ranging from 2.98 mol m-2 day-1 to 

4.33 mol m-2 day-1. 
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Figure 2.3: Comparison of daytime air temperature (TDT) from tower-based 

measurements (TDT_EC), and ERA5 dataset (TDT_ERA5). The first row is the seasonal 

dynamics of the 21-year mean TDT. The second row is the result of simple linear 

regression between TDT_EC and TDT_ERA5 using all year’s data at an 8-day scale, 

respectively.  

 

Figure 2.4: Comparison of photosynthetically active radiation in daytime (PARDT) 

from tower-based measurements (PARDT_EC), and ERA5 dataset (PARDT_ERA5). 

The first row is the seasonal dynamics of the 21-year mean PARDT. The second row 

is the result of simple linear regression between PARDT_EC and PARDT_ERA5 using 
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all years’ data at an 8-day scale, respectively. 

2.2.5 GPP data from the old version of the Vegetation Photosynthesis Model 

(VPM v2.0) and MODIS production 

In this study, VPM v2.0 and MOD17 GPP products are used to compare with VPM v3.0. 

The major differences between VPM v2.0 and VPM v3.0 lie in the source of climate 

data and temperature parameter. VPM v2.0 employs biome-specific apparent opyimum 

temperature with climate data from NCEP Reanalysis II (Yao Zhang et al., 2017). VPM 

v2.0 dataset can be downloaded in the portal: 

https://doi.pangaea.de/10.1594/PANGAEA.879560. MODIS Land Science Team's 

GPP data product (MOD17A2H) is derived from an APARcanopy-based PSN model 

(Running et al., 2004; Running et al., 2000). This widely used product, available from 

2000 onwards, can be accessed at https://lpdaac.usgs.gov/products/mod17a2hv006/. 

2.2.6 Vegetation Photosynthesis Model (VPM v3.0) 

The simulation of satellite-based VPM is calculated as the product of absorbed 

photosynthetically active radiation by chlorophyll (APARchl) and light use efficiency 

(LUE, 𝜀g) (Xiao, Hollinger, et al., 2004; Xiao, Zhang, et al., 2004). In this paper, the 

simulations of VPM v3.0 are labeled GPPVPM: 

GPPVPM =  APARchl  × 𝜀g (2.8) 

where APARchl is calculated as a product of photosynthetically active radiation (PAR) 

and the fraction of PAR absorbed by chlorophyll (fPARchl): 

APARchl = PAR ×  fPARchl (2.9) 

https://doi.pangaea.de/10.1594/PANGAEA.879560
https://lpdaac.usgs.gov/products/mod17a2hv006/


32 

 

The fPARchl is calculated as a linear function of EVI and modified from (Yao Zhang et 

al., 2016): 

fPARchl = EVI − 0.1 (2.10) 

Light use efficiency (𝜀g) is highly related to air temperature (Tscalar) and water (Wscalar): 

𝜀g =  𝜀0  × Wscalar × Tscalar (2.11) 

where 𝜀0 = 0.53 (g C mol-1 APAR) is the apparent quantum yield or maximum light use 

efficiency (Xiao, 2006). The Wscalar is calculated as follows: 

Wscalar =
1 + LSWI

1 + LSWImax

(2.12) 

where LSWImax is the largest value of LSWI during the growing season within one year. 

Tscalar is calculated as follows: 

Tscalar =
(T − Tmax) × (T − Tmin)

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

(2.13) 

where the Tmax, Tmin and Topt is the maximum, minimum and optimum temperature for 

photosynthesis activities. Tmax and Tmin can be obtained from a biome-based look-up 

table (Yao Zhang et al., 2017). Different from VPM v1.0 and VPM v2.0, VPM v3.0 

adopts site-specific Topt rather than the Topt_biome as the input of the model. Topt is 

obtained based on the response curves of vegetation indices and GPP to TDT (Figure 

2.5).  

 

Figure 2.5: Relationship between GPPEC, EVI, and TDT_ERA5 across four deciduous 
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forest sites. The solid black and red lines represent curves that have been fitted to 

EVI and GPPEC, respectively, using cubic regression splines. This figure also shows 

boxplot with points every 2 ℃ bins. 

Both GPPEC and EVI continued to rise as daytime air temperature increased, and 

reached the peak, then began to decline at higher TDT_ERA5. These GPPEC - TDT_ERA5 and 

EVI - TDT_ERA5 response curves reveal the effect of air temperature (TDT_ERA5) on GPP 

and EVI. Topt-GPP and Topt-EVI are defined as the average TDT associated with the 95% 

percentile of maximum GPP and EVI values on the response curve (Chang et al., 2021a; 

Chang et al., 2020). Table 2.2 lists the site-specific Topt estimates from the GPPEC - 

TDT_ERA5 (Topt-site-GPP) and from the EVI - TDT_ERA5 (Topt-site-EVI). It is worth noting that 

the site-specific Topt-site values vary among the four sites and differ slightly from the 

biome-specific Topt-biome.  Considering the global availability of EVI and the limited 

availability of GPPEC data (only at specific flux tower sites), this study selected Topt-EVI 

as the input for the VPM model to verify its potential for global simulations. 

Table 2.2: Site-specific apparent optimum temperature parameter values used in 

VPM v3.0 across the four deciduous forest sites.

 Sites Tmin (℃) Tmax (℃) Topt-biome (℃) Topt-site-GPP (℃) Topt-site_EVI (℃) 

CA-Cbo -1 40 20 22 23 

US-Ha1 -1 40 20 23 23 

US-MMS -1 40 20 24 22 

US-WCr -1 40 20 21 20 
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2.2.7 Method for defining physiological-based phenology 

In this study, we define the physiological-based phenology of four deciduous broadleaf 

forests. As reported by previous research, the growing season occurs when GPP exceeds 

1 g C m-2day-1 (Xia et al., 2015; Xin et al., 2017). However, due to data noise or short-

term anomalies that can cause fluctuations in GPP estimation, GPP may be greater than 

1 g C m-2day-1 in winter. To avoid mis-identifying SOS or EOS with anomalous GPP, 

SOS and EOS are defined as the first date where the sum of three consecutive values is 

greater than 3 g C m-2day-1 and lower than 3 g C m-2day-1 in the reconstructed GPPVPM 

time series data, respectively. This approach helps to smooth out short-term fluctuations 

and provides a more accurate delineation of the growing season. The interval spanning 

from SOS to EOS is defined as the growing season (GS), wherein the temporal span of 

the GS is defined as the GS length (GSL). 

2.2.8 Method for calculating growing degree days (GDD) 

Growing Degree Days (GDD) were used to define the degree of warmth of the winter 

and early spring seasons (WESS) and GS. GDD is computed by determining the 

difference between the daily air temperature (TDT_ERA5) and the base temperature (TBASE) 

for each day. If the TDT for any given day is higher than the TBASE, then the difference 

for that day is added to the cumulative GDD sum. Conversely, if the TDT_ERA5 is for a 

day below TBASE, the TDT is assigned a value of zero for that day: 

GDD = ∑ TDT_ERA5(i) −  TBASE

n

i=1

(2.14) 

where TDT_ERA5(i) is the daily air temperature on the day i; TBASE is set to 0 ℃; n is the 
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number of days in GDD. In this paper, the cumulative GDDWESS is calculated for the 

period extending from January 1 to March 31. We also calculated GDDGS. The period 

of GDDGS is to cover the whole GS. 

2.2.9 Statistical analysis 

To evaluate the performance of the VPM v3.0, we used a simple line regression between 

the model-estimate GPPVPM and tower-estimated GPPEC with three statistical criteria 

for the comparison: the coefficient of determination (R2), slope (α), root mean square 

error (RMSE), and significance (p-value) (Janssen et al., 1995). 

Mann-Kendall statistical test (M-K test) is a non-parametric statistical method 

widely used in hydrometeorological fields, which can effectively test the long-term 

trend of natural indicators and is not affected by extreme and missing values (Basistha 

et al., 2009; Yue et al., 2002). We used the M-K test to assess whether there is a decadent 

trend of CO2, climate, VIs, phenology, carbon uptake during 2000-2020. In addition, 

we also calculated the Theil-Sen’s slope (s) for estimating the trend value. 

To explore the effects of atmospheric CO2 concentration and climate on annual 

GPP, we use ridge regression to quantify the contribution of different driving factors to 

annual GPPEC (Fang et al., 2020; Xie et al., 2020). In this study, we primarily 

investigated the influence of atmospheric CO2 concentrations and climatic factors on 

the interannual variations of annual GPPEC. The selected driving factors include 

atmospheric CO2 concentrations, GDDWESS, GDDGS, the sum of PAR during the GS 

(PARGS), and the sum of precipitation during the GS (PGS). The standard ridge 

regression coefficient (ai), significance (P), and relative contribution (η
s
) are used to 
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evaluate the impact of different driving factors on annual GPPEC. 

2.3 Results 

2.3.1 Seasonal dynamics of climate, vegetation indices, and carbon uptake 

Figure 2.6 shows the average seasonal dynamics (climatology) of PARDT_ERA5, TDT_ERA5, 

precipitation, vegetation indices, and carbon and water fluxes at the four sites over 

2000-2020.  PAR at the four sites had similar and strong seasonal dynamics (Figure 2.6 

a1~d1). Air temperature had strong seasonal dynamics with a multi-month winter season 

(<0 ℃). Precipitation had no strong seasonal dynamics, and there was a multi-month 

snow season at the CA-Cbo, US-Hal, and US-WCr sites.   

Vegetation indices (NDVI, EVI, and LSWI) had strong seasonal dynamics (Figure 

2.6 a2~d2). At the snow-covered sites (CA-Cbo, US-Ha1, and US-WCr stie), NDVI and 

EVI have noticeable differences in their seasonal dynamics. NDVI started to rise in 

March, peaked in June and then maintained a high value until October, and started to 

decline. EVI started to rise in April, reached its peak in June, and then started to decline 

gradually.  The timing of NDVI rises in early spring agrees with the timing of snow-

melting at these three sites, as shown by LSWI data, which shows the effect of snow-

melting (wet soils) on NDVI data. In comparison, the US-MMS site is not covered by 

snow in the winter season, and both NDVI and EVI started to rise in April, and EVI 

started to decline after reaching its peak and NDVI remained at a stable high value at 

this time.  

Carbon flux (GPPEC) had strong seasonal dynamics (Figure 2.6 a3~d3). GPPEC at 
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the CA-Cbo, US-Ha1 and US-MMS sites started to rise in April (≥1 gC m-2 day-1) and 

declined below 1 gC m-2 day-1 in November. At the US-WCr site, GPPEC started to rise 

in May (1 gC m-2 day-1) and declined below 1 gC m-2 day-1 in October. 

 

Figure 2.6: The seasonal dynamics of climate (air temperature, photosynthetically 

active radiation, and precipitation), vegetation indices (EVI, NDVI, and LSWI), 

and GPPEC. Each column in (a)~(d) represents a specific site, the first row, second 

row, and third row are the seasonal dynamics of the climate, vegetation indices, 

and tower-measured carbon and water fluxes, respectively. The curves shown in 

this figure are mean values from 2000 to 2020, and the shadow and light blue bars 

for precipitation represent the 21-year range. 

2.3.2 Comparison of GPPEC and GPPVPM at the temporal scales of 8-day period 

and the growing season 

Figure 2.7 shows a comparison between GPPEC and GPPVPM-v3.0. In terms of seasonal 

dynamics (start of the season, end of the season, peak of the season, and growing season 

length), GPPVPM-v3.0 agreed very well with GPPEC. The 2-d scatterplots and the simple 
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linear regression models show high correlation between GPPVPM-v3.0 and GPPEC at the 

four sites, with R2 range from 0.77 to 0.89 and RMSE range from 1.89 g C m-2 day-1 to 

2.46 g C m-2 day-1. The slope values of the regression models show varying differences, 

ranging from -15% to CA-Cbo, -3% to US-Ha1, +10% to US-MMS, and +25% to US-

WCr. 

         For GPPVPM-v2.0, the seasonal dynamics also agreed with GPPEC very well, with 

R2 values ranging from 0.74 to 0.83. In terms of magnitude, GPPVPM-v2.0 shows 

significant overestimates at three sites (US-Ha1, US-MMS, and US-WCr). The slope 

values of the regression models show varying differences, ranging from -11% to CA-

Cbo, +18% to US-Ha1, +20% to US-MMS, and +41% to US-WCr site.  

We also compared the MODIS GPP product (GPPMOD17) with GPPEC across the 

four sites. GPPMOD17 does not track well the seasonal dynamics of GPPEC at the US-

Ha1 and US-MMS sites. R2 values for all four sites ranged between 0.69 to 0.80. In 

terms of magnitude, GPPMOD17 significantly underestimates at CA-Cbo, US-Ha1, and 

US-MMS sites, while outperforms the VPM model at US-WCr site. The difference 

between GPPMOD17 and GPPEC ranges from -28% to CA-Cbo and US-Ha1, -20% to US-

MMS, and -6% to US-WCr site. 
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Figure 2.7: Comparison of GPP from VPM v3.0 (GPPVPM-v3.0), VPM v2.0 (GPP 

VPM-v2.0), MOD17 dataset (GPPMOD17), and tower-based estimates (GPPEC) at 8-day 

scale. GPPVPM-v3.0 in this section is equal to GPPVPM. The first row is the seasonal 

dynamics of the 21-year mean GPP. The second to fourth rows are the result of 

simple linear regression between different GPP models (GPPVPM-v3.0, GPPVPM-v2.0, 

GPPMOD17) and GPPEC using all years’ data at an 8-day scale, respectively. 

The interannual variations of different GPP products are shown in Figure 2.8. For 

GPPVPM-v3.0, it shows consistent interannual variations and decadal trends with GPPEC 

across most site years, and exceptions at certain site years, such as CA-Cbo in 2017, 

US-Ha1 in 2006 and 2009, US-MMS in 2007, and US-WCr in 2011 and 2012. Overall, 
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GPPVPM-v3.0 closely tracks the interannual variability of GPPEC. Simple linear regression 

results between GPPVPM-v3.0 and GPPEC indicate R2 values of above 0.62 for four sites, 

with RMSE ranging from 186.29 g C m-2year-1 to 356.89 g C m-2year-1. In contrast, 

GPPVPM-v2.0 shows a similar trend as GPPVPM-v3.0, but with a lower R2 value, ranging 

from 0.46 to 0.75, and a larger RMSE, ranging from 186.30 g C m-2year-1 to 562.81 g 

C m-2year-1. For GPPMOD17, the R2 values for all four sites are below 0.50, with RMSE 

values between 164.19 g C m-2 year-1 and 325.49 gC m-2 year-1. In conclusion, among 

the three products, GPPVPM-v3.0 aligns closest with GPPEC, effectively capturing the 

interannual variations and decadal trends of GPPEC.  

 

Figure 2.8: Comparison of GPP from VPM v3.0 (GPP VPM-v3.0), VPM v2.0 (GPP 

VPM-v2.0), MOD17 dataset (GPPMOD17), and tower-based estimates (GPPEC) at 
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annual scale. GPPVPM-v3.0 in this section is equal to GPPVPM. The first row is the 

interannual variations of four GPP productions. The second to fourth rows are the 

result of simple linear regression between different GPP productions (GPPVPM-v3.0, 

GPPVPM-v2.0, GPPMOD17) and GPPEC using all years’ data during the growing season, 

respectively. 

2.3.3 Interannual changes of CO2 concentration, climate, vegetation indices, 

phenology, and carbon and water fluxes during 2000-2020 

We explore interannual changes in atmospheric CO2 concentrations and climate across 

the four sites (Figure 2.9). Atmospheric CO2 concentrations increased significantly at 

all the sites (from +1.46 ppm yr-1 to +2.33 ppm yr-1). For climate factors (GDDWESS, 

GDDGS, PARGS, and PGS), no significant trends were observed, except for PARGS at 

CA-Cbo, which showed a significant increase (+41.64 mol m-2 yr-1).  
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Figure 2.9: The interannual detrend of in-situ atmospheric CO2 concentration, 

GDDWESS, GDDGS, PARGS, and PGS from 2000 to 2020 across four deciduous forest 

sites. CO2 concentration is average within the growing season. GDDWESS, GDDGS, 

PARGS, and PGS are the sums within the growing season. s represents the Theil-

Sen slope, and the * represents a significant trend through the M-K test. The Y-

axis are the interannual variations after detrend processing. 
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For vegetation indices, only the CA-Cbo site showed a significant increase in EVI 

(+0.0037 yr-1) and NDVI (+0.0034 yr-1), and no significant trend was found in the other 

three sites (Figure 2.10). 

 

Figure 2.10: The interannual detrend of VIs from 2000 to 2020 across four 

deciduous forest sites. VIs are average values within the growing season. s 

represents the Theil-Sen slope, and the * represents a significant trend through the 

Mann-Kendall test. The Y-axis are the interannual variations after detrend 

processing. 

         There were no significant interannual trends in the physiological-based phenology 

metrics (SOS, EOS, GSL) across the four sites during the years 2000-2020, as depicted 

in Figure 2.11 and Figure 2.12.  However, it is worth noting that in years characterized 

by a hot WESS (marked by red color in Figure 2.11 and Figure 2.12), the SOS tended 
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to occur earlier. Conversely, EOS has remained relatively stable and did not exhibit 

significant changes during the hot WESS years. By considering the combined effects 

of changes in SOS and EOS, the GSL was longer in years with a hot WESS. 

For carbon fluxes, the decadal trends of GPPEC and GPPVPM are consistent, but 

they differ in magnitude. Only the CA-Cbo site shows a significantly increased trend 

in both GPPVPM (+11.37 g C m-2 yr-1) and GPPEC (+31.03 g C m-2 yr-1) over the last two 

decades (Figure 2.11, Figure 2.12). GPPVPM at the US-Ha1 increased, but not 

significantly, while GPPEC was stable. Both GPPVPM and GPPEC at US-MMS and US-

WCr were relatively stable.  

 

Figure 2.11: The interannual variations of physiological-based phenology (derived 

from GPPVPM) and GPPVPM from 2000 to 2020. GPPVPM is the sums within the 
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growing season. s represents the Theil-Sen slope, and the * indicates passing the 

M-K significance test. The color bar is given the color according to the gradient of 

the normalized WESS temperature.  The Y-axis is the interannual variation after 

detrend processing. 

 

Figure 2.12: The interannual variations of physiological-based phenology (derived 

from GPPEC) and GPPEC from 2000 to 2020. GPPEC is the sums within the growing 

season. s represents the Theil-Sen slope, and the * indicates passing the M-K 

significance test. The color bar is given the color according to the gradient of the 

normalized WESS temperature. The Y-axis is the interannual variation after 

detrend processing. 
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2.3.4 Attribution of interannual variations of annual GPP to atmosphere CO2 

concentration and climate 

The results of the annual GPPEC attribution analysis based on ridge regression are 

shown in Figure 2.13. Atmosphere CO2 concentration only exhibited a slightly 

significant impact on annual GPPEC (*, p<0.15) at CA-Cbo, whereas its influence was 

not significant in the other three sites. GDDGS consistently demonstrated a significant 

impact on annual GPPEC across all sites, especially at the US-Ha1, US-MMS, and US-

WCr sites (***, p<0.05), followed by CA-Cbo (*, p<0.15). In contrast, GDDWESS did 

not show any significant impact on annual GPPEC across all sites (p>0.15). The impacts 

of PARGS on annual GPPEC varied among sites, where it had a significant positive 

impact at CA-Cbo (*, p<0.15), US-Ha1 (**, p<0.1), and US-MMS (*, p<0.15), but was 

not significant at the US-WCr site (p>0.15). Throughout all sites, PGS did not 

significantly affect annual GPPEC (p>0.15). Notably, a negative correlation between PGS 

and annual GPPEC was observed at the CA-Cbo, US-Ha1, and US-WCr sites. In a 

comprehensive view, GDDGS emerges as the primary driver for the annual GPPEC, 

contributing between 23% and 63% to the annual GPPEC across the four sites. The 

impacts of atmosphere CO2 concentration and PAR on annual GPPEC vary by site. 

Specifically, the contribution of atmospheric CO2 on annual GPPEC at the CA-Cbo site 

can reach up to 25%, but it is 8% or lower at other sites. PARGS contributes to annual 

GPPEC in the range of 26% to 38% at the CA-Cbo, US-Ha1, and US-MMS sites 

respectively, while it only accounts for 13% at the US-WCr site. Both GDDWESS and 

PGS show minimal contributions across all sites. 
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Figure 2.13: Ridge regression results of atmosphere CO2 concentration and 

climate on annual GPPEC. GPPEC is the dependent variable, and CO2, GDDGS, 

GDDWESS, PARGS, and PGS are the independent variables. (a) The ridge regression 

coefficients of the five independent variables. The values indicate the changes in 

annual GPP when the normalized independent variable increases by one unit. *, 

**, and *** represent the significance at 0.15, 0.1, and 0.05 levels. (b) The relative 

contribution (ηs) of five driving factors to annual GPPEC. 

2.4 Discussions 

2.4.1 Performance of the VPM v3.0 in simulating long-term carbon fluxes 

Compared to VPM v2.0, VPM v3.0 predominantly updates the climate data inputs and 

improves the Topt parameters. Our analysis concludes that VPM v3.0 offers a marked 

improvement over its previous version, particularly in capturing the seasonal dynamics 

and interannual variations of GPP. One of the salient factors driving this improvement 

is the replacement of relatively refined climate data.  The coarse spatial resolution (~32 

km) of the National Center for Environmental Prediction-North America Regional 

Reanalysis (NCEP-NARR) dataset utilized by VPM v2.0 isn't its only limitation (Yao 
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Zhang et al., 2017). Previous research has also highlighted that the NCEP-NARR 

dataset tends to overestimate radiation by roughly 20% when benchmarked against the 

eddy flux tower site measurement (Yao Zhang et al., 2016). This discrepancy explains 

a partial reason for the significant overestimation exhibited by VPM v2.0. Additionally, 

the quality of the radiation from 2019 was subpar, leading us to exclude the simulations 

from that year. This exclusion might affect the analysis of interannual variations and 

decadal trends. Another improvement in VPM v3.0 was the improvement of the Topt 

input parameter. Given the distinct climatic conditions across the four sites and the 

thermal acclimation of vegetation (Jin et al., 2015; Niu et al., 2012; Yamori et al., 2014; 

Yamori et al., 2010), a site-specific Topt should be more efficacious for the ecosystem 

model than a biome-specific Topt (Bennett et al., 2021; Chang et al., 2021a; Chang et 

al., 2020; Huang et al., 2019; McCallum et al., 2013). 

When benchmarked against GPPEC, VPM v3.0 exhibits acceptable accuracy in 

capturing both the seasonal dynamics and interannual variations. This robust 

performance lays a foundational groundwork for tracking interannual variations and 

decadal trends in deciduous broadleaf forest ecosystems. It should be noted that 

regarding amplitude, the slopes observed in CA-Cbo, US-Ha1, and US-MMS 

comfortably reside within the reasonable ranges of model simulation. At the US-WCr, 

however, GPPVPM is substantially higher (up to 25%) than GPPEC. As the US-WCr site 

has similar EVI and climatic parameters to the other three sites, we anticipate that it has 

similar GPPEC and GPPVPM to align with the other sites in terms of GPP magnitude. We 

compared NEE and Reco data over the four sites, and the Reco at the US-WCr is 
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significantly lower than that of the other three sites (Figure 2.14), which results in 

relatively low GPPEC at the US-WCr. Therefore, it is necessary that NEE partitioning 

at the US-WCr site may need to be re-investigated in the future.  

 

Figure 2.14: The seasonal dynamics of 21-years mean net ecosystem exchange 

(NEE) and ecosystem respiration (ER).  

Considering that this is the first time we applied the VPM model over a continuous 

span of two decades, whereas previous VPM simulations only encompassed a single 

year or a few years (Doughty et al., 2018; Kang et al., 2016; Kang et al., 2014; Xiao, 

Hollinger, et al., 2004; Xiao, Zhang, et al., 2004; Xin et al., 2017), the results 

demonstrate the effectiveness of VPM v3.0 incorporating the ERA5-Land climate 

dataset and site-specific Topt in simulating long-term carbon flux. With the accessibility 

of satellite-derived climate data and surface reflectance data, the next step will be to 

employ VPM v3.0 in different regions or the globe. 

2.4.2 Effects of warm winter and early spring season (WESS) on phenology and 

GPP 

Many studies have reported that climate warming advanced spring phenology (SOS) 

and delayed autumn phenology (EOS), which then extend the growing season length 

(GSL) (Dragoni et al., 2011; Finzi et al., 2020; Keenan et al., 2014; Richardson et al., 
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2010). According to our results (Figure 2.11, Figure 2.12), in the years marked as hot 

WESS, SOS is clearly earlier, significantly positively correlated with GDDWESS. 

However, there is no significant delay in EOS found in hot years, and the response of 

EOS to GDDWESS is relatively weak. Nevertheless, it can still be confirmed that in hot 

years there is a corresponding increase in the growing season length due to the high 

GDDWESS. 

In general, the growing season length increase may extend the time period for 

photosynthesis, leading to a higher annual GPP over the growing season (Finzi et al., 

2020). For example, a modeling study reported that annual GPP increased by 5.8 g C 

m−2 year−1 for each day the growing season was extended (Piao et al., 2007). However, 

our results showed clearly that annual GPP (both GPPVPM and GPPEC) did not 

significantly increase in years with an extended growing season (Figure 2.11, Figure 

2.12). Attribution analysis shows poorly contributions of GDDWESS to annual GPP 

(Figure 2.13), which is similar to a recent study at the Smithsonian Conservation 

Biology Institute (SCBI) and Harvard Forest sites, which reported that the impact of 

warm springs on annual stem growth was minimal from 2011 to 2020 (Dow et al., 2022). 

A previous study on forests in the eastern United States (including US-Ha1 and US-

MMS) found that warm springs significantly increased spring GPP (Keenan et al., 

2014), and our study came to the same conclusion (Figure 2.15), and simple linear 

regression results clearly show that warm WESS enhances spring GPP (both GPPVPM 

and GPPEC) with a significant positive correlation between GDDWESS and spring GPP 

at CA-Cbo, US-MMS, and US-WCr (***, p<0.05). We hypothesize that this positive 
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effect may be mitigated or offset during the summer. Further analysis supports this 

hypothesis (Figure 2.15 b, d), there is a negative correlation between GDDWESS and 

summer GPP for both GPPVPM and GPPEC. For summer GPPVPM, this negative 

relationship is significant at CA-Cbo (***, p<0.05) and US-Ha1 (*, p<0.15). For 

summer GPPEC, the negative correlation is significant at US-Ha1 (*, p<0.15), US-MMS 

(***, p<0.05), and US-WCr (***, p<0.05). This may be caused by multiple factors, for 

example, drought stress (Buermann et al., 2013; Buermann et al., 2018; Lian et al., 

2020), stomatal closure (Farquhar et al., 1982; Keenan et al., 2013), or leaf senescence 

(Fu et al., 2014). These factors form negative feedback on climate change. This 

evidence suggests that over the past two decades, the primary impacts of temperature 

on deciduous trees have changed. Temperature impacts do not occur during the WESS 

but rather during the GS (Figure 2.13). Unless vegetation can immediately adapt to 

climate warming, the hotter WESS is unlikely to have a positive impact on the annual 

growth of temperate mature deciduous broadleaf forests. 

 

Figure 2.15: The correlations between GPP (GPPVPM, GPPEC) during spring and 
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summer to GDDWESS. Spring and summer are defined as periods of March to May, 

and June to August, respectively. *, **, and *** represent the significance at 0.15, 

0.1, and 0.05 levels. 

2.4.3 Long-term trends in phenology, carbon, and water fluxes 

Previous studies of satellite phenology have mostly focused on the last two decades of 

the twentieth century (Jeong et al., 2011), when global warming was a consensus, 

however, Cane (2010) reported that the significant warming trend observed during the 

last two decades of the 20th century ceased from the year 2000 to 2010 (Cane, 2010).  

This may be caused by the negative feedback of vegetation on climate, the growth of 

vegetation slows down the rate of air temperature increase (Bounoua et al., 2010). Our 

trend analysis clearly shows that over the last two decades of the 21st century, the SOS 

at the four mature deciduous forest sites did not show a significant advance, primarily 

due to the absence of a significant trend in WESS temperatures (Figure 2.9). 

Previous study have reported annual GPP increases due to rising atmospheric CO2 

concentrations or climate warming (Launiainen et al., 2022). Although atmospheric 

CO2 concentrations have risen significantly over the last two decades (Sperry et al., 

2019), however, air temperature at the four sites shows an insignificant increase. 

Attribution analysis shows that GDDGS and PARGS contribute significantly to annual 

GPP at US-Ha1, US-MMS and US-WCr, so the lack of significant trends in GDDGS 

and PARGS at these three sites could explain the stability of GPP at these sites over the 

past two decades (Figure 2.9, Figure 2.13).  CA-Cbo is an exception. At this site, CO2, 

GDDGS and PARGS jointly affect annual GPP. Note in this site, the impact of PARGS on 
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annual GPP is higher than the impact of GDDGS on annual GPP, which agrees with a 

previous study (Gonsamo et al., 2015). Therefore, the significant increase in GPP at this 

site is attributed to the significant increase in CO2 and PARGS.  Human management 

will also affect the trend analysis. In the case of US-WCr, while our analyses show that 

the decadal trends in GPP are driven solely by GDDGS, however, other events at this 

site affect attribution and trend analysis. For instance, the severe insect infestation in 

the late spring of 2001 led to the complete detachment of canopy crown in June, 

resulting in a particularly low GPP for 2001 (Desai et al., 2022). Moreover, the 

commercial logging activities during the winters of 2013 and 2014 brought about a 

significant decline in GPP in the subsequent years (Desai et al., 2022), and it was not 

until after 2018 that GPP returned to increase. Uncertainty remains regarding the GPP 

attribution at this site. Therefore, continued observations at US-WCr site are necessary 

to further explore the site's response to climate change. 

2.5 Conclusion 

The chapter investigated the skill of VPM v3.0 and the ERA5-Land climate dataset for 

simulations over the past two decades at four mature deciduous broadleaf forests in the 

United States and Canada from 2000 to 2020. The results align with long-term 

measurements conducted at the forest eddy tower sites and support the potential use of 

the ERA5 climate dataset for regional and global-scale simulations. 

Additionally, we also explored the interannual variations of climate, vegetation 

indices, and carbon fluxes at these sites and assessed the effects of several factors such 

as atmospheric CO2 concentration and climate on vegetation indices, phenology, and 
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carbon and water fluxes. Built upon previous research that used limited and earlier years 

of data, this study focuses on the last two decades and analyses how phenology and 

productivity in these forests respond to weather and climate over the years. The findings 

from this study differ from earlier research, likely due to the complex feedback 

mechanisms between vegetation adaptation and climate change.  
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Chapter 3 : Site-specific apparent optimum air temperature 

for vegetation photosynthesis across the globe  

ABSTRACT 

The apparent optimum air temperature for vegetation photosynthesis (Topt) is a key 

temperature parameter in terrestrial ecosystem models estimating daily photosynthesis 

or gross primary production (GPP, gC m2 day-1). To date, most models use biome-

specific Topt (Topt-biome) parameter values. Given vegetation acclimation and adaptation 

to local climate, site-specific Topt (Topt-site) is needed to reduce uncertainties in 

estimating daily GPP across the scales from site to region and the globe. At the site 

level, VPM v3.0 has demonstrated improved model performance when incorporating 

site-specific optimum temperature (Topt-site) parameters. Therefore, extending the 

application of VPM v3.0 to regional or global GPP estimation requires the availability 

of a spatially explicit, global Topt-site dataset. Previous studies have demonstrated using 

the Enhanced Vegetation Index (EVI) derived from Moderate Resolution Imaging 

Spectroradiometer (MODIS) images and daytime air temperature data to estimate the 

Topt-site at the eddy covariance tower sites. In this chapter, we used MODIS-derived EVI 

and ERA5-Land climate data to estimate and generate global Topt-site data products. The 

Topt-site of individual pixels within a biome has large variation, which clearly cannot be 

represented accurately by the widely used Topt-biome. Therefore, using this global dataset 

of Topt-site estimates might significantly affect GPP simulation in current ecosystem 

models. 
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3.1 Introduction 

Among the carbon flux components, Gross Primary Production (GPP) represents the 

amount of carbon dioxide absorbed by vegetation, playing a pivotal role in the global 

carbon cycle (Anav et al., 2015; Frankenberg et al., 2011). Air temperature (Tair, ~2 m 

above the ground) is one of the key climatic variables influencing the spatiotemporal 

dynamics of GPP (Anav et al., 2015; Bennett et al., 2021; Jung et al., 2011b). An 

increase in Tair can boost enzyme activity, leading to a rise in photosynthesis rate, and 

excessive Tair can result in stomatal closure and enzyme deactivation, causing a decline 

in photosynthesis (Lloyd et al., 2008; Medlyn et al., 2002). Therefore, the GPP response 

to Tair follows a parabolic (unimodal) curve (Bennett et al., 2021; Chang et al., 2021b), 

and the apparent optimum air temperature (Topt) is generally defined as the Tair at which 

vegetation achieves its peak photosynthesis rate (Figure 3.1). 

 

Figure 3.1: The response curve of photosynthetic rate to air temperature.  

Almost all terrestrial ecosystem carbon cycle models have temperature response 

functions for GPP, with Topt being a crucial temperature parameter (Friedlingstein et al., 
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2006; Niu et al., 2012). Light Use Efficiency (LUE) models also have the Topt parameter 

in estimating GPP (Running et al., 2015; Yuan et al., 2007; Yao Zhang et al., 2017). 

Currently, the Topt parameter values in terrestrial ecosystem models use biome-specific 

Topt for individual biomes (Topt-biome) (Melillo et al., 1993; Raich et al., 1991). However, 

recent studies suggest that the Topt-biome may significantly differ from site-specific Topt 

(Topt-site)  (Chang et al., 2021a; Huang et al., 2019). Topt-biome parameter values used in 

the models came from analyses of the limited number of locations for individual biomes 

(Chang et al., 2021a). Additionally, because of vegetation acclimation and adaption to 

local climate (Mooney et al., 1978; Niu et al., 2012), the use of biome-specific Topt at 

the global scale could introduce large errors and uncertainty in global GPP estimation. 

GPP and air temperature data from eddy covariance (EC) flux tower sites are 

widely used to study the response curves of GPP to air temperature and to estimate the 

Topt-site at individual sites (ecosystems) (Bennett et al., 2021; Chang et al., 2021a; Chang 

et al., 2020; Niu et al., 2012; Wang et al., 2023; Yuan et al., 2011). However, the number 

of EC towers is limited (Baldocchi, 2014), and their footprints only cover a small 

portion of global land surface (Papale et al., 2006). Additionally, most EC flux tower 

observations last a few years or a decade, making it challenging to explore the 

interannual variations of Topt at the sites. Several studies explored the use of remote 

sensing data to estimate Topt-site over large geographical domains and longer periods 

(Yongzhe Chen et al., 2021; Huang et al., 2019; Wang et al., 2023). Since the 

photosynthesis rate depends on the number of photosynthetic organs (i.e., chloroplasts) 

in the canopy, it can be directly represented by the total chlorophyll content in the 
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canopy (Peng et al., 2013; Schlemmer et al., 2013). Many studies have explored the 

estimation of canopy chlorophyll content from satellite-derived vegetation indices 

(VIs), such as the Enhanced Vegetation Index (EVI) (Xiao, Hollinger, et al., 2004; Xiao, 

Zhang, et al., 2004), Normalized Difference Vegetation Index (NDVI) (Xin et al., 2017), 

and Near-infrared Reflectance of Vegetation (NIRv) (Wu et al., 2020). These VIs have 

shown a strong relationship with GPP and are therefore used as predictor variables to 

represent vegetation structure and function (Yongzhe Chen et al., 2021; Gao et al., 2014; 

Hunt Jr et al., 2013; Peng et al., 2013). Recent studies have demonstrated the feasibility 

of using VIs-Tair response curves to estimate Topt-site at site, regional, or global scales 

(Chang et al., 2021b; Chang et al., 2020; A. Chen et al., 2021; Yongzhe Chen et al., 

2021; Huang et al., 2019). It is worth noting that these publications differ in terms of 

VIs variables (e.g., NDVI, EVI, and NIRv), air temperature datasets (e.g., daily mean 

air temperature), and algorithms, leading to noticeable discrepancies in Topt-site estimates 

across these studies. Accurate quantification of Topt-site and site-year-specific Topt (Topti-

site-year) at global scale remains challenging. 

In this chapter, built upon our previous studies that used GPP, EVI, and daytime 

air temperature data to estimate Topt-site at the eddy covariance tower sites (Chang et al., 

2021b; Chang et al., 2020), we first generated the Topt-site-year and Topt-site dataset across 

the globe from 2000 to 2019, using MODIS-derived EVI data (500-meter spatial 

resolution) and daytime air temperature from ERA5-Land climate data (Hersbach et al., 

2020; Muñoz-Sabater et al., 2021). We also carried out data analyses of this dataset, 

which provides basic information on (1) the spatiotemporal patterns of Topt-site-year and 
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Topt-site across the globe over the past two decades and (2) the variability (frequency 

distribution) of Topt-site from all the pixels within individual biomes. Terrestrial 

ecosystem models could use this global Topt-site dataset to increase the accuracy of and 

reduce the uncertainty of GPP data under historical, current, and future climate 

scenarios. Topt-site dataset could also be used for further analyses that offer valuable 

insights into how vegetation has responded to climate change over the past two decades. 

3.2 Materials and Methods 

 3.2.1 ERA5-Land reanalysis climate data 

ERA5 is the fifth generation of atmospheric reanalysis products released by the 

European Centre for Medium-Range Weather Forecasts (ECMWF) (Hersbach et al., 

2020). This dataset offers comprehensive historical and near-real-time information on 

global atmospheric, terrestrial, and oceanic variables (Muñoz-Sabater et al., 2021). 

ERA5-Land complements the ERA5 by focusing specifically on terrestrial processes. 

Compared to ERA5, ERA5-Land boasts a higher spatial resolution (0.1°) and a higher 

temporal resolution (hourly), enabling a more precise depiction of surface processes 

and characteristics, including air temperature and precipitation.  

In this study, we used the air temperature (Tair) layer from the ERA5-Land 

reanalysis climate dataset. We provided an example of the air temperature data from the 

Harvard Forest site (US-Ha1) in 2010 (Figure 2.5) and illustrate the discrepancies 

among the three temperature variables: daily maximum air temperature (Tair-max), daily 

daytime mean air temperature (Tair-DT), and daily mean air temperature (Tair-mean); and 
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we assessed the appropriateness of these three temperature variables for the Topt 

estimation algorithm. Tair-DT is defined by averaging Tair-max with Tair-mean (Yao Zhang 

et al., 2017): 

Tair-DT = average(Tair-max, Tair-mean) (3.1) 

We aggregated these three air temperature variables from daily data into 8-day intervals 

by averaging the observations over the 8-day period to align with the temporal 

resolution of MOD09A1 

3.2.2 MODIS land surface temperature dataset 

The Moderate Resolution Imaging Spectroradiometer (MODIS) is a key instrument for 

observing changes on the Earth's surface (Justice, Townshend, et al., 2002). The 

MYD11A2 dataset provides an 8-day and 1-km composite of global land surface 

temperatures (LST) and emissivity, sourced from the MODIS instrument aboard 

NASA's Aqua satellite. This dataset provides LST at 1:30 a.m. and 1:30 p.m. In this 

study, we constrained the analyses of EVI and Tair data and Topt algorithm within the 

thermal growing season (Linderholm et al., 2008), as defined by nighttime LST (Yao 

Zhang et al., 2016), which helps to mitigate uncertainties from outliers beyond this 

period (e.g., high EVI caused by snow). For each pixel (1-km spatial resolution), we 

reconstructed the LST time series using a moving window of three consecutive 8-day 

periods, calculating the average across them (Figure 3.2a). Adopting the threshold 

assumption that the LST for the thermal growing season is >=5°C (Dong, Xiao, Kou, 

et al., 2015), the start of the season (SOSLST) was marked by the LST first surpassing 

this threshold in winter/spring, while its end of the season (EOSLST) corresponds to the 



61 

 

LST first descending below this threshold in fall/winter (Figure 3.2a). Note this method 

was applied only to those pixels where the annual peak LST surpasses 5 °C. For areas 

with an annual peak of LST not reaching 5°C (e.g., high-altitude plateau or boreal 

forests), we substituted LST with Tair-DT. 

 

Figure 3.2: The workflow for estimating site-specific apparent optimum 

temperature (Topt-site) at a deciduous broadleaf forest site in the USA (Harvard 

Forest, US-Ha1, DBF, 42.5378°N, 72.1715°W). The US-Ha1 site was selected 

because it is a mature forest subject to long-term observation and research, 

showing the typical seasonal dynamics of vegetation in mid-latitude areas. The 

altitude is 340 meters. a. raw LST (LSTraw) and reconstructed LST (LSTre) time 

series. The thermal growing season is defined as the period LSTre greater than 5°C 

(light blue filled area). SOSLST and EOSLST represent the start and end of the 

thermal growing season, respectively; b. raw EVI (EVIraw, only after cloud 

removal), gap-filled EVI (EVIgapfill, linear interpolation), and smoothed EVI 
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(EVIsmooth, S-G filter); c. The curve of EVI-Tair. The solid green curve is fitting 

curves using cubic regression splines. c. also shows a boxplot with points every 

2 °C bin; d. interannual variations of Topt-site-year from 2000 to 2019, Topt-site is 

calculated as the median value from 20 years of Topt-site-year data. 

3.2.3 MODIS surface reflectance and vegetation indices 

The MODIS surface reflectance products are widely used in monitoring global 

vegetation (Justice et al., 1998). In this study, we utilized the MOD09A1 Surface 

Reflectance V6.1 product, a dataset of seven spectral bands ranging from 0.459μm to 

2.155μm with a 500-m spatial and an 8-day temporal resolution (Didan et al., 2015). 

We have processed and analyzed the global MOD09A1 surface reflectance time 

series data from 2000 to 2019. Three vegetation indices - NDVI, EVI, and NIRv - were 

calculated. NDVI, utilizing near-infrared and red bands, offers a measure of vegetation 

greenness and is hence used to identify green vegetation areas (Rouse et al., 1974). EVI, 

while similar to NDVI, is specifically designed to correct for atmospheric disturbances 

and background soil effects (Huete et al., 2002). NIRv is derived from NDVI, yet it 

exhibits a stronger correlation with observed GPP than NDVI (Badgley et al., 2017). 

Among these vegetation indices, EVI has been reported to be most closely related to 

leaf and canopy-level chlorophyll content (Gao et al., 2014; Pan, Xiao, Pan, et al., 2024; 

Xiao, Hollinger, et al., 2004; Xiao, Zhang, et al., 2004; Xin et al., 2017). Additionally, 

several biophysical studies have shown that EVI is nearly unsaturated and sensitive to 

canopy changes (Gao et al., 2014; Xiao, Hollinger, et al., 2004). The three VIs are 

calculated by the Eqs. (3.2) - (3.4): 
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               (3.3) 

                                                           NIRv = NDVI ×  ρ
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                                        (3.4) 

where ρ
nir

 , ρ
red

, and ρ
blue

 are the surface reflectance bands of near infrared, red, and 

blue, respectively. In order to generate a high-quality and continuous surface reflectance 

time series, the QA-band quality detection approach was employed to retrieve pixels 

affected by clouds and cloud shadows. Additionally, the Best Index Slope Extraction 

(BISE) method was used to detect overlooked low-quality observation pixels (Viovy et 

al., 1992). After two rounds of filtration processes, the low-quality observations were 

then marked as a mask for the row image (Figure 3.2b). A linear interpolation approach, 

coupled with high-quality observations, was used to fill the gaps (Liu et al., 2020; J. 

Wang et al., 2020) (Figure 3.2b). Finally, to further minimize the temporal variation 

within the time series data, we utilized the Savitzky-Golay (S-G) method for curve 

smoothing (Savitzky et al., 1964). Note that the smoothing window is set based on the 

varying lengths of the thermal growing season; for instance, if the thermal growing 

season of a pixel is 240 days, a sliding window of 31 8-day observations were employed 

for curve smoothing. 

3.2.4 MODIS land cover product 

The MODIS Land Cover Type (MCD12Q1) Version 6.1 data product offers annual 

global land cover classifications from 2001 to the present (Sulla-Menashe et al., 2018). 

In this study, we utilized the International Geosphere Biosphere Program (IGBP) layer, 
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which identifies 17 distinct land cover types. Our focus was on the following 14 

categories: Evergreen Needleleaf Forests (ENF), Evergreen Broadleaf Forests (EBF), 

Deciduous Needleleaf Forests (DNF), Deciduous Broadleaf Forests (DBF), Mixed 

Forests (MF), Closed Shrublands (CSH), Open Shrublands (OSH), Woody Savannas 

(WSA), Savannas (SAV), Grasslands (GRA), Permanent Wetlands (WET), Croplands 

(CRO), Urban and Built-up Lands (URB), and Cropland/Natural Vegetation Mosaics 

(CNV). The spatial delineation of these categories is illustrated in Figure 3.3. In this 

paper, we explored the variation of Topt-site within individual biomes for the above-

mentioned 14 biomes.  

 

Figure 3.3: Geographical distribution of 14 biome ecosystems in MODIS land 

cover products (MCD12Q1). This map only shows pixels with constant land cover 

type from 2000 to 2019. ENF: Evergreen Needleleaf Forests; EBF: Evergreen 

Broadleaf Forests DNF: Deciduous Needleleaf Forests; DBF: Deciduous Broadleaf 

Forests; MF: Mixed Forests; CSH: Closed Shrublands; OSH: Open Shrublands; 

WSA: Woody Savannas; SAV: Savannas; GRA: Grasslands; WET: Permanent 

Wetlands; CRO: Croplands; URB: Urban and Built-up Lands; CNV: 

Cropland/Natural Vegetation Mosaics. 
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3.2.5 Air temperature variables input 

We investigated the seasonal dynamics of Tair-max,  Tair-DT, and Tair-mean within one year 

(Figure 3.4a, the case at Harvard Forest site). The discrepancy between Tair-max  and 

Tair-DT (or between Tair-DT and Tair-mean) can be as high as 3°C throughout the whole 

year.  

A further examination of the diurnal dynamics of GPP and Tair is presented in 

Figure 3.4b. Interestingly, the diurnal peaks of GPP and Tair were not consistent. GPP 

reached its peak between 9:00 a.m. and 11:00 a.m., whereas Tair peaked later, from 2:00 

p.m. to 4:00 p.m. Of particular note is that among the three temperature variables, 

Tair-DT  most closely approximated the temperature of Tair at the moment GPP peaked 

(Figure 3.4c). Given these observations, Tair-DT  is regarded as the most appropriate air 

temperature variable for the algorithm input. 

 

Figure 3.4: Temporal dynamics of air temperature and GPPEC at the Harvard 
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Forest eddy flux tower site (US-Ha1) in 2010. a. Seasonal dynamics of daily 

maximum air temperature (Tair-max), daily daytime mean air temperature (Tair-DT), 

and daily mean air temperature (Tair-mean). This figure also shows the difference 

between Tair-max and Tair-DT (Tdiff); b. diurnal dynamics of GPP and Tair; c. 2-d 

scatter plot of GPP and Tair. 

3.2.6 Algorithm of Topt-site-year and Topt-site 

Topt-site-year is derived from the annual response curve of EVI to Tair-DT (Chang et al., 

2021a; Chang et al., 2020). For each year, we plotted the response curve of EVI versus 

Tair-DT with all observations within the thermal growing season (Figure 3.2c). Then, the 

curve fitting EVI against Tair-DT was performed using cubic regression splines. The 

optimum Tair-DT range for vegetation photosynthesis is defined as when EVI exceeds 

95% of its maximum value, and Topt-site-year is determined from the average of all Tair-DT 

within that range (Figure 3.2c).  Topt-site was calculated as the median value of Topt-site-

year across all 20 years (Figure 3.2d). 

3.2.7 Algorithm of Topt-site-year and Topt-site from GPP  

We selected 137 eddy flux tower sites, encompassing 11 out of 14 biomes (DNF, URB, 

and CNV were excluded due to their very limited number of sites). The eddy flux tower 

data were acquired from the AmeriFlux data portal (http://ameriflux.ornl.gov/) and the 

Fluxnet data portal (https://fluxnet.org/). These sites provide Gross Primary Production 

(GPP) data at half-hour or hourly intervals. We excluded nighttime GPP data, defining 

daytime periods as those with Photosynthetic Photon Flux Density (PPFD) greater than 

http://ameriflux.ornl.gov/
https://fluxnet.org/
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0. Subsequently, GPP data at half-hour or hour intervals were aggregated into daily 

daytime intervals. To align with the temporal resolution of the EVI and Tair-DT, we 

calculated the average values over 8-day periods as the representative daily average. 

The Topt-site-year
GPP   was derived from the annual response curves of GPP to Tair-DT. The 

Topt-site
GPP  is calculated from the median of all Topt-site-year

GPP . 

3.2.8 Statistical analysis 

Simple linear regression is a statistical method that models the relationship between 

two variables by fitting a linear equation to observed data. Performance and fit are often 

assessed using metrics of the coefficient of determination (R2), indicating the 

proportion of the variance in the dependent variable predictable from the independent 

variable.  R2 without an intercept can be calculated as: 

𝑅2 = 1 −
∑(y

i
− 𝑦̂)2

∑(y
i

− 𝑦̅)2
(3.5) 

Where y
i
 is the i-th value of the independent variable y. 𝑦̂ is the i-th predicted value. 𝑦̅ 

is the mean value. We also calculated the Standard Deviation (S.D.), which is a statistic 

used to measure the dispersion of a set of data The S.D.can be estimated as: 

S.D. = √
1

N
∑(Ai −  μ )2 (3.6) 

Where N is the number of data, Ai is the value of each data, and μ is the mean value. 
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3.3 Results 

3.3.1 Global maps of apparent optimum air temperature and interannual 

variation 

Figure 3.5a shows the global distribution of Topt-site-year for the year 2000. From a global 

perspective, 91% of the vegetation has their Topt-site-year within the 10 to 30°C range, 

while 3% and 6% have their Topt-site-year below 10°C and above 30°C, respectively 

(Figure 3.5a). Across the latitudinal gradient, Topt-site-year ranges between 4 to 35°C 

(Figure 3.5b). The highest Topt-site-year is observed in the tropics. The Topt-site-year value 

declines with a northward or southward progression in latitude, decreasing by an 

average of 0.34°C for each 1° higher latitude, reaching its minimum near the poles. In 

high-altitude regions, such as the Qinghai-Tibet Plateau and Andes Mountains, the Topt-

site-year is significantly low. 
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Figure 3.5: Global maps of apparent optimum air temperature and interannual 

variation. a. global map of Topt-site-year in 2000; c. global map of Topt-site, derived 

from the median value of Topt-site-year from 2000 to 2019; e. Topt-std is calculated as 

the standard deviation of Topt-site-year during the period. The global map only shows 

the area where the annual NDVI is larger than 0.1 (The blank areas are pixels 

where the annual NDVI is less than 0.1). The histogram represents the proportion 

of pixels within different intervals, as shown on the x-axis. The red line represents 
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the Kernel Density Estimation (KDE). b, c, and f correspond to the average values 

across the latitude gradient in a, c, and e, respectively. The solid black lines are 

calculated as the average value for all pixels within 1° of latitude, and the shadow 

indicates the standard deviation. 

Figure 3.5c shows the global map of Topt-site, derived from the median value of two 

decades of Topt-site-year. The spatial distribution and its trend across the latitude gradient 

mirror the patterns observed for Topt-site-year in 2000 (Figure 3.5c, d). Comparing the 

histograms in Figure 3.5c and Figure 3.5a, the Topt-site shows a slight increase relative 

to the Topt-site-year from 2000. Notably, between 25°C and 30°C, the proportion of 

vegetation with this Topt-site has marginally increased (~approximately 5% pixels higher). 

We further investigate the trends at five-year intervals (Figure 3.6). The Topt-site-year 

exhibited a slight global increasing trend, predominantly observed in arid regions such 

as central-northern Australia, North Africa, and southern North America. In these areas, 

the Topt-site-year showed an increase exceeding 5°C. 
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Figure 3.6: Global map of Topt-site at four period (2000-2004, 2005-2009, 2010-2014, 

and 2015-2019). Each map is the median value of the Topt-site-year during the period. 

Figure 3.5e presents the standard deviation of the global Topt-site-year (Topt-std) over 
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the last two decades. Between 2000 and 2019, the histogram shows that Topt-std primarily 

fluctuated between 1°C and 3°C for 71% of the vegetation pixels in the globe. 

Meanwhile, 14% of the vegetation exhibited relative stability with interannual 

variations of less than 1°C, and 15% of vegetation experienced fluctuations greater than 

3°C. Across the latitude gradient (Figure 3.5f), the largest Topt-std predominantly occurs 

in the northern boreal and southern temperate zones. Within the northern boreal zone, 

the Topt-std increases with latitude, up to 3°C. In the southern temperate zone, Australia 

manifests the largest Topt-std, up to 5°C. Tropical regions exhibit the smallest Topt-std with 

an interannual variability of around 1°C, followed by the northern temperate zone, 

which shows a moderate fluctuation ranging from 2 to 3°C. 

3.3.2 The distribution of Topt-site across the 14 global biomes. 

The histogram in Figure 3.7 shows the range (frequency distribution) of Topt-site across 

14 biomes, revealing significant variation of Topt-site due to geographical and climatic 

differences. For instance, the GRA exhibits a wide Topt-site range from 4°C to 35°C, 

reflecting their extensive global distribution. In contrast, the DNF, primarily found in 

colder boreal zones, has a narrower range of 14°C to 21°C. 
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Figure 3.7: Histogram of Topt-site within 14 biomes. The red line is Topt-biome, a 

common parameter estimated by Raich et al., 1991 and Melillo et al., 1993, which 

has been widely used in most ecological models (Melillo et al., 1993; Raich et al., 

1991). 

3.3.3 Comparison of materials and methods used to estimate Topt-site 

We compared the Topt-site (derived from EVI) with the Topt-site
GPP  (derived from GPP) at 

137 eddy flux tower sites across 11 out of 14 biomes (DNF, URB, and CNV were 

excluded due to their very limited number of sites) in the globe (Figure 3.8a). We 

employed a simple linear regression analysis to investigate the relationship between 

Topt-site and Topt-site
GPP . The Topt-site generated in this study showed high consistency with 

Topt-site
GPP  across all 11 biomes (r2 between 0.80 and 0.95) (Figure 3.8b). The black solid 

line represents the overall linear fit for all biomes, exhibiting an r² of 0.83 (By 

comparison, the number is 0.52 in Huang et al. 2019 across 125 sites), indicating that 

the Topt-site estimated in this study is reliable at the ecosystem scale. 
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Figure 3.8: The comparison with Topt-site and Topt-site
GPP  across the globe. a. The 137 

eddy flux tower sites across the 11 biomes in the globe; b. Relationship between 

Topt-site and Topt-site
GPP  . Error bars indicate SS.D. from Topt-site-year and Topt-site-year

GPP  , 

respectively. Different colors indicate different biomes, and the black solid line 

indicates all biomes. 

3.4 Discussions 

3.4.1 Methods widely used in the current literature to estimate Topt-site 

We compiled previous studies that utilized GPP/NEE/VIs-Tair response curves for 

estimating Topt-site (Table 3.1). These studies varied in terms of VIs variables, air 

temperature variables, and algorithms, leading to noticeable discrepancies in global 

Topt-site estimations. For instance, two studies estimated the mean global Topt at 18.8 ± 

7.1°C (Wang et al., 2023) and 23 ± 7.8°C (Huang et al., 2019), respectively. In contrast, 

this study estimates it to be 22 ± 6°C. The discrepancies highlight the necessity and 

challenges associated with reducing uncertainties in variables, data sources, and 

algorithms. 

Table 3.1: Comparison of variables (vegetation indices, climate), data source, 
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study area, algorithms, and output in this and previous studies.  

Studies Variables Data source Study area Algorithms Output 

This study EVI vs. Tair-DT 
MOD09A1; 

ERA5-Land 
Global 

Topt is defined as 

the Tair-DT at 

which EVIs 

exceed 95% of 

EVImax. 

Topt-site-

year, Topt-

site 

Chang et al. 

2020; Chang et 

al. 2021(Chang 

et al., 2021b; 

Chang et al., 

2020) 

EVI vs. Tair-DT 

GPP vs. Tair-DT 

MOD09A1, 

Eddy flux tower 

165 sites, 

11 

grassland 

sites 

Topt is defined as 

the Tair-DT at 

which EVIs 

exceed 95% of 

EVImax. 

Topt-site-

year, Topt-

site 

Huang et al. 

2019; Chen et 

al. 2021(A. 

Chen et al., 

2021; Huang et 

al., 2019) 

NIRv vs. Tair-

max 

 

Climatic 

Research 

Unit/National 

Centers for 

Environmental 

Protection 

(CRU/NCEP) 

Global, 

Tibetan 

Plateau 

Topt is defined as 

the Tair-max at 

which the 

maximum of 

NIRv occurs 

Topt-site 

Potter et al. 

1993(Potter et 

al., 1993) 

NDVI vs. Tair-

mean 

Monthly NDVI-

FASIR; 

Historical 

climate data 

Global 

Topt is defined as 

the monthly Tair-

mean 

corresponding to 

the month when 

the maximum 

NDVI occurs 

Topt-site 

Cui et al. 

2013(Cui, 

2013) 

NDVI vs. Tair-

mean 

GIMMS NDVI; 

752 

meteorological 

stations over 

China 

China 

Topt is defined as 

the average of 

the Tair-mean 

corresponding to 

the peak NDVI 

values and the 

Tair-mean at which 

NDVI exhibits 

its maximum 

rate of increase 

Topt-site 

Niu et al. 2012; 

Wang et al. 

2023(Niu et al., 

2012; Wang et 

al., 2023) 

GPP vs.Tair-mean Eddy flux tower 

169 sites, 

326 sites, 

global 

Topt is defined as 

the Tair-mean at 

which the 

maximum of 

GPP occurs 

Topt-site-

year, Topt-

site 

Yuan et al. 

2011(Yuan et 

al., 2011) 

NEE vs. Tair-

mean 
Eddy flux tower 72 sites 

Topt is defined as 

the Tair-mean at 

which 

maximized 

carbon uptake is 

occurs 

Topt-site 

Bennett et al. 

2021(Bennett et 

al., 2021) 

instantaneous 

GPP vs. Tair 
Eddy flux tower 

17 wooded 

ecosystem 

sites in 

Australia 

Topt is defined as 

the 

instantaneous 

Tair at which 

maximized 

instantaneous 

GPP occurs 

Topt-site 

In terms of vegetation index variables used in estimating Topt-site, NDVI, as one of 
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the earliest and most commonly used vegetation indices (Cui, 2013; Potter et al., 1993), 

might introduce biases when estimating Topt-site based on the NDVI- temperature 

response curve. This bias is attributed to the characteristics of NDVI dynamics in the 

plant growing season. In those sites of dense forest with high leaf area index (>= 4 m2 

m-2), NDVI may saturate and remain high throughout the summer, which leads to a shift 

in the Topt window from early summer to mid-summer, causing an overestimation of 

Topt (Figure 3.9). In the later summer, although NDVI remains high, GPP has already 

begun to decline (Yongzhe Chen et al., 2021). 

 

Figure 3.9: The Seasonal dynamics of NDVI, NIRv, EVI and Tair-DT in 2010 at 
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Harvard Forest site.  

The histograms of NDVI-derived Topt-site map show that pixels with Topt-site over 

20°C make up 64% (Figure 3.10 a), whereas this proportion is 55% in EVI-derived Topt-

site map (Figure 3.6b). Recent studies employed NIRv to generate regional and global 

Topt-site maps (A. Chen et al., 2021; Huang et al., 2019). Given that EVI exhibits a higher 

correlation with GPP than NDVI in most ecosystems like forests (Xiao, Hollinger, et 

al., 2004; Xiao, Zhang, et al., 2004), crops (Jin et al., 2015; Wagle et al., 2015), and 

grasslands (Li et al., 2007), it can be regarded as an ideal proxy to study vegetation 

response to temperature variations. Our findings also show that the Topt-site map derived 

from NIRv has similar global patterns and magnitudes with those derived from EVI 

(Figure 3.10c). This consistency can be attributed to the close correlation of EVI and 

NIRv, and both of them also have strong correlation with solar-induced chlorophyll 

fluorescence (SIF), which is the amount of light emitted by plants (Badgley et al., 2017; 

Huang et al., 2019).  

 

Figure 3.10: Global maps of optimum air temperature derived from different VIs. 
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a. global map of Topt-site derived from the NDVI-Tair-DT response curve; c. global 

map of Topt-site derived from the NIRv-Tair-DT response curve. The global map only 

shows the area where annual NDVI is larger than 0.1. The histogram represents 

the proportion of pixels within different intervals, as shown on the x-axis. The red 

line represents the Kernel Density Estimation (KDE). b and d correspond to the 

average values across latitude gradient in and c, respectively. The solid black lines 

are calculated as the average value for all pixels within 1° of latitude, and the 

shadow indicates the standard deviation. 

In terms of air temperature variables used in estimating Topt-site, most studies 

employ two types of air temperature variables: Tair-max (A. Chen et al., 2021; Huang et 

al., 2019) and Tair-mean (Niu et al., 2012; Wang et al., 2023; Yuan et al., 2011). However, 

the peak of vegetation photosynthesis does not occur at the hottest moment of the day 

(as shown in Figure 3.4). The maximum GPP typically occurs in the later morning, 

while Tair-max tends to occur in the earlier afternoon. This renders Tair-max an 

inappropriate choice for air temperature variables in the analysis of air temperature and 

GPP relationship, as it tends to overestimate Topt-site at the higher end, i.e., a bias of 

higher Topt-site values. Since photosynthesis only happens during daytime and Tair-mean 

factors in nighttime temperatures, the use of Tair-mean will introduce a bias of lower Topt-

site values. Previous studies have already demonstrated the potential and feasibility of 

estimating Topt based on the EVI-Tair-DT response curve at a limited number of sites 

(Chang et al., 2021b; Chang et al., 2020), and to our knowledge, this study is the first 

time that Tair-DT was used as variable inputs to estimate global Topt-site. 
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In terms of algorithms, most studies defined Topt as the air temperature 

corresponding to the highest point of the VI-Tair or GPP-Tair response curve with multi-

year data (Bennett et al., 2021; A. Chen et al., 2021; Huang et al., 2019; Niu et al., 2012; 

Wang et al., 2023; Yuan et al., 2011); for example, the recent global Topt-site estimates 

by Huang ey al. (Huang et al., 2019). Different with those studies, this study first 

calculated annual Topt-site-year and then estimated Topt-site as the median of Topt-site-year in 

20 years. The advantage of this method is that Topt-site-year provides the variation 

information of Topt-site across years, especially considering the substantial inter-annual 

variations in climate and land cover in the past two decades in the globe. Topt-site-year data 

would help expand the understanding of how vegetation responds to environmental 

changes over time. In addition, abnormal vegetation growth caused by extreme climate 

events in specific years may also introduce uncertainty to the estimation. We use the 

median value of Topt-site-year over multiple years, as the median value is primarily used 

to eliminate potential outliers and will provide a more balanced perspective of the Topt-

site over time. Additionally, we improved the Topt-site estimation window based on the 

thermal growing season defined by LST, which significantly reduced the uncertainty 

introduced by snow in the algorithm, particularly in high-latitude regions. 

3.4.2 Spatial variation of Topt-site across biomes from this study and its 

comparison with Topt-biome 

The range of Topt-site highlights the limitations of using a fixed Topt-biome parameter. Topt-

biome shows a substantial discrepancy when compared with the Topt-site across biomes. 

This discrepancy is especially pronounced in biomes as ENF, OSH, SAV, and CRO, 
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where the Topt-site is always lower than the Topt-biome. This bias is mainly due to the Topt-

biome being based on limited site data, further introducing significant uncertainty into 

the GPP estimation (Chang et al., 2021b; Chang et al., 2020; Heinsch et al., 2006; Yan 

et al., 2015). Our previous research suggests that replacing the Topt-biome with Topt-site can 

significantly improve the accuracy of GPP estimates from the model at site scale by 

approximately 1% to 34%, especially in the GRA, CRO, and OSH ecosystems (Chang 

et al., 2021a). This highlights the importance of using the Topt-site rather than the Topt-

biome for simulations of GPP models across the scales from site to region and the globe. 

3.5 Conclusion 

This chapter generated a site-specific optimal air temperature parameter for vegetation 

across the globe over the past two decades (2000–2019) using EVI–Tair–DT response 

curves. Unlike previous studies, we employed a more appropriate input—daytime 

means air temperature—to estimate both site-specific-year optimum temperature (Topt-

site-year) and the multi-year average (Topt-site). We examined the interannual variation of 

Topt-site-year during the study period, as well as the influence of interannual climate factors 

(precipitation and air temperature) on Topt-site-year. Additionally, this study highlights the 

potential impact of using biome-level Topt values (Topt-biome) on the errors and 

uncertainties in GPP estimation by ecosystem models.  

The Topt-site dataset produced in this chapter can be used as an input for most 

ecosystem models that include temperature parameters. Note that we have masked areas 

with an annual average NDVI of less than 0.1 (such as deserts, glaciers, or areas with 

high-density impervious surfaces). Furthermore, Topt-site is highly related to plant 
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physiology, ecology, and climatology. The Topt-site-year dataset could be used to explore 

the significant importance of understanding plant growth's environmental dependence, 

ecosystems' functioning, and their responses to environmental changes. 
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Chapter 4 : Modeling gross primary production across the 

globe using Vegetation Photosynthesis Model (VPM v3.0)  

ABSTRACT 

Accurate estimation of Gross Primary Production (GPP) of terrestrial vegetation is 

crucial for comprehending the carbon dynamics. To date, there is still no consensus on 

the magnitude and seasonality of global GPP among the major global GPP products, 

underscoring the necessity to improve GPP models for higher accuracy of global GPP 

estimates. Here, we introduce an improved Vegetation Photosynthesis Model (VPM 

v3.0), which incorporates site-specific apparent optimum temperature for 

photosynthesis, leaf-trait-based light absorption (flat leaf vs. needle leaf), and improved 

water stress estimation. The global VPM simulation is driven by Terra/MODIS images 

and the ERA5-Land climate dataset. We evaluate VPM v3.0 using GPP from 205 eddy 

flux tower sites across 11 land cover types (1,658 site-years) (GPPEC), as well as the 

TROPOMI SIF product for 2018-2021. The slope, R², and RMSE between GPP from 

VPM v3.0 (GPPVPM-v3) and GPPEC are 0.97, 0.78, and 1.46 gC m-2day-1, respectively. 

GPPVPM-v3 shows high temporal consistency with TROPOMI SIF. VPM v3.0 provides 

higher accuracy of GPP estimates at most evaluated sites than VPM v2.0. Comparisons 

of global GPP from VPM v3.0 with other major global GPP products reveal both 

spatial-temporal consistency and discrepancies. These findings clearly indicate the 

improved accuracy of VPM v3.0 in estimating GPP, making it suitable for generating 

global GPP datasets. 
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4.1 Introduction 

Gross Primary Production (GPP) of terrestrial vegetation plays a critical role in the 

global carbon cycle (Anav et al., 2015; Frankenberg et al., 2011; Piao et al., 2013). GPP 

is a crucial indicator of the functionality of Earth's terrestrial ecosystems, influencing 

climate change, ecosystem function, biodiversity, and global food security through 

complex feedback mechanisms (Chang et al., 2023; Costanza et al., 2007; Marshall et 

al., 2018; Migliavacca et al., 2021; Ryu et al., 2019).  

To date, GPP is predominantly derived from three primary methodologies: ground-

based observations, data-driven ecosystem models, and process-based ecosystem 

models. Among these, eddy covariance (EC) technology is a widely used method for 

ground-based observations, providing GPP by measuring carbon fluxes at the 

ecosystem scales (Chu et al., 2021). However, EC towers are limited in number due to 

high maintenance costs, and their measurement footprint is restricted, typically 

spanning only areas ranging from hundreds to thousands of meters (Baldocchi, 2014; 

Papale et al., 2006). Therefore, the GPP from the eddy flux tower are often used as 

training and/or validation data to evaluate GPP products from models. Data-driven and 

process-based ecosystem models offer comprehensive methods to estimate GPP data, 

including Terrestrial Ecosystem Models (TEM) (Melillo et al., 1993), Light Use 

Efficiency (LUE) models (Monteith, 1972; Potter et al., 1993; Xiao, Hollinger, et al., 

2004), statistical models (Guanter et al., 2014), and machine learning (Alemohammad 

et al., 2017; Jung et al., 2020). Among these models, LUE models are widely used due 

to their simple model structure and extensive data availability (e.g., satellite-based data), 



84 

 

making them both applicable and reliable across various ecosystems and regions. 

Photosynthesis involves two key stages: the absorption of light energy and the 

process of carbon fixation.  LUE theory assumes that GPP can be estimated as a 

function of absorbed photosynthetically active radiation (APAR) and light use 

efficiency (𝜖), which combined environmental factors such as temperature, water, and 

CO2: 

GPP = APAR ×  𝜖 (4.1) 

Representative LUE models include MODIS GPP (MOD17) (Running et al., 2000), the 

Photosynthetic Capacity Model (PCM) (Gao et al., 2014), the Vegetation 

Photosynthesis Model (VPM) (Cui et al., 2022; Xiao, Hollinger, et al., 2004), the 

Carnegie-Ames-Stanford Approach (CASA) (Potter et al., 1993), EC-LUE (Yuan et al., 

2007), and the Terrestrial Ecosystem Carbon (TEC) flux model (Yan et al., 2015). The 

accuracy of these models varies substantially due to differences in data inputs, 

parameter estimation, and model structure. 

Most of the models, including VPM (v1.0 and v2.0), use biome-specific apparent 

optimum air temperature parameters (Topt-biome) for GPP calculation. However, recent 

studies estimated site-specific apparent optimal air temperatures for GPP (Topt-site) 

across the biomes, revealing noticeable differences between the biome-specific Topt-

biome and site-specific Topt-site (Bennett et al., 2021; Chang et al., 2021a; Chang et al., 

2020; Huang et al., 2019; Niu et al., 2012; Pan, Xiao, Pan, et al., 2024; Wang et al., 

2023; Yuan et al., 2011). These differences raise concerns that using Topt-biome as a model 

parameter may negatively affect model performance at regional or global scales. 
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LUE models use a single equation to calculate light absorption across different 

leaf traits (e.g., flat leaf and needle leaf) (Running et al., 2000; Yuan et al., 2007; Yao 

Zhang et al., 2017). Previous studies reported that MODIS-derived FPAR was 

significantly underestimated in northern boreal forests (dominated by needleleaf trees) 

(Serbin et al., 2013; Turner et al., 2003).  For evergreen needleleaf forest, the GPP 

estimates from VPM v2.0 were lower than GPPEC by 27% (Yao Zhang et al., 2017). 

The underestimation of light absorption has been attributed to the shortcomings of the 

leaf area estimation (Law et al., 2001). As chloroplast in needle leaf is distributed 

spherically within leaves, the differences of leaf-trait between needle leaf and flat leaf 

(broadleaf) may also be a reason for those models to underestimate FPARcanopy or 

FPARchl in needleleaf forest (Law et al., 2001; Trueba et al., 2022).   

Like most LUE models, VPM also considers water stress in its simulation. The 

water stress estimation equations in VPM v1.0 and v2.0 are sensitive to the water stress 

from humid to semi-humid but were reported to underestimate the water stress on GPP 

in arid regions (Dong, Xiao, Wagle, et al., 2015; Wagle et al., 2015; Wagle et al., 2014). 

This underestimation can be attributed to the relatively weak seasonal variation in water 

availability in arid areas. Therefore, there is a need to improve the water stress 

parameter estimation in arid areas. 

In this chapter, we developed and ran VPM v3.0 to estimate global GPP using 

Terra/MODIS images and the ERA5-Land climate dataset. Compared to VPM v2.0 

(Zhang et al., 2017), VPM v3.0 has three major improvements: (1) using Topt-site to 

replace Topt-biome (2) the incorporation of leaf traits (flat leaf vs. needle leaf), and (3) 
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improved estimation of water stress in arid areas and periods. This paper addresses three 

primary scientific questions. First, to what degree will VPM v3.0 accurately estimate 

GPP compared to ground GPP observations and satellite-derived SIF data? Second, 

how large are the differences in global GPP estimates between VPM v3.0 and VPM 

v2.0? Finally, what are the discrepancies and consistencies between the global GPP 

estimates from VPM v3.0 and major global GPP products? 

4.2 Materials and Methods 

4.2.1 MODIS surface reflectance data product (MOD09A1, Version 6.1) 

MOD09A1 v6.1 product provides 500-meter and 8-day radiometrically, geometrically, 

and atmospherically corrected surface reflectance (Vermote, 2021). This dataset has 

been demonstrated to perform reliable as an input dataset for the VPM model (Yao 

Zhang et al., 2017). At the global scale, the use of alternative surface reflectance 

products (e.g., MCD43) as model inputs has shown no significant differences compared 

to MOD09 (Doughty et al., 2021).  

The preprocessing of the MOD09A1 surface reflectance (SR) dataset included 

several stringent quality control steps. First, the Quality Assurance (QA) band identified 

observations contaminated by clouds, cloud shadows, and snow, labeled as poor-quality 

observations, and then removed them from data analyses (Frey et al., 2008). The 

frequency distribution of good-quality observations showed that the mid-latitudes had 

more good-quality observations than the tropical and boreal zones (Figure 4.1). On 

average, the proportion of good-quality observations per pixel across the globe was 
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71%. 

 

Figure 4.1: The frequency distribution of good-quality EVI observations. The map 

is 500-meter spatial resolution from 2000 to 2023. The right panel shows the 

average values of all pixels within 1° latitude bin across the latitude. The red 

dashed line histogram is the global average value. 

Secondly, even after eliminating pixels contaminated by clouds, the time series SR 

data still exhibited noise that the QA band failed to detect. This noise typically arises 

from atmospheric factors (such as water vapor and aerosols), surface conditions (like 

snow), or changes in solar and observation angles (Dozier et al., 2008; Kaufman et al., 

1997). The scattering caused by molecules and particles in the atmosphere enhances the 

reflectance in the blue band (Jensen, 2009). Therefore, blue band larger than 0.2 were 

used to identify bad-quality observations in the time series SR, i.e., those observations 

affected by the atmosphere or snow. 

Third, given that the surface reflectance of vegetation does not fluctuate 

dramatically over short periods (e.g., one or two weeks) (Glenn et al., 2008), we 

employed a biology-based rule to identify bad-quality observations at specific dates (t) 
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that were substantially larger or smaller than their close neighboring observations (t-1, 

t+1). Specifically, a three-date moving window was employed over the one-year time 

series data, calculating the slope between the central observation (t) and both the 

preceding (t-1) and subsequent (t+1) observations. If the absolute slope exceeded 0.15, 

the central observation was classified as a low-quality observation. This method helped 

ensure the time series was more reflective of actual vegetative dynamics, minimizing 

the impact of abrupt noise unrelated to vegetation growth. 

The good-quality SR data were then used to generate the Enhanced Vegetation 

Index (EVI) and the Land Surface Water Index (LSWI) time series (Huete et al., 2002): 

EVI = 2.5 ×  
ρ

nir
 – ρ

red

ρ
nir

 + (6 × ρ
red

- 7.5 × ρ
blue

)+1
(4.2) 

LSWI =
ρ

nir
 – ρ

swir

ρ
nir

 +  ρ
swir

(4.3) 

where ρ
nir

 , ρ
red

, ρ
blue

, and ρ
swir

 are the surface reflectance bands of near infrared, red, 

blue, and shortwave infrared, respectively. To generate continuous VI time series, 

reference curves and linear interpolation were utilized to fill data gaps in the EVI and 

LSWI time series (Yao Zhang et al., 2017). For the EVI time series, we generated site-

specific EVI reference curves, where the value for a specific date within the EVI 

reference curve was derived from the average of all good-quality observations from all 

years, subsequently smoothed using Savitzky-Golay (S-G) filtering (Press et al., 1990). 

The reference curve was applied to fill missing values on the corresponding dates in the 

EVI time series. For the LSWI time series, given the sensitivity of LSWI to moisture 

(e.g., rainfall events) and the challenges in predicting vegetation water conditions and 

precipitation over different periods (Yao Zhang et al., 2017), we used a straightforward 



89 

 

method of linear interpolation, using high-quality observations before and after the gaps 

to fill in the LSWI time series (Liu et al., 2020). 

4.2.2 MODIS land cover type data product (MCD12Q1, Version 6.1) 

MCD12Q1 v 6.1 product provides global land cover classifications at 500-meter spatial 

resolution (Friedl et al., 2022). Here, we utilized the land cover types identified by the 

International Geosphere-Biosphere Programme (IGBP), in which we focused on the 

following 11 IGBP land cover types: Croplands (CRO), Closed Shrublands (CSH), 

Deciduous Broadleaf Forests (DBF), Evergreen Broadleaf Forests (EBF), Evergreen 

Needleleaf Forests (ENF), Grasslands (GRA), Mixed Forests (MF), Open Shrublands 

(OSH), Savannas (SAV), Permanent Wetlands (WET), and Woody Savannas (WSA). 

4.2.3 MODIS land surface temperature data product (MYD11A2, Version 6.1) 

MYD11A2 v 6.1 product provides land surface temperature (LST) data at an 8-day and 

1-kilometer resolution (Wan, 2021). This dataset provides LST measurements at 1:30 

AM (nighttime) and 1:30 PM (daytime). Here, we utilized the nighttime LST (LSTnight) 

to delineate the thermal growing season (TGS). For each pixel, the LSTnight time series 

was reconstructed using a three-date moving window. Each observation was replaced 

by the average value within the window. Based on the threshold assumption that the 

LSTnight >= 5°C for the TGS (Dong, Xiao, Kou, et al., 2015), the start of the season 

(SOSTGS) was defined as the first date in late winter or spring when LST exceeds this 

threshold, while the end of the season (EOSTGS) was identified as the first date in 

autumn or winter when LST falls below this threshold. 
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4.2.4 ERA5-Land reanalysis climate data 

The European Centre for Medium-Range Weather Forecasts (ECMWF) offers the 

global climate reanalysis product ERA5, spanning from 1979 to the present. This 

product offers approximately 25-km and hourly intervals meteorological data, 

encompassing atmospheric, surface, and oceanic (Hersbach et al., 2020). ERA5-Land, 

developed based on ERA5 data, focuses on the surface and offers global maps at 

approximately 11-km (Muñoz-Sabater et al., 2021). Compared to ERA5, ERA5-Land 

is specifically optimized for terrestrial processes, enhancing data quality for simulating 

surface processes, and assessing surface states with finer spatial resolution.  

Since photosynthesis does not occur at night, we used daytime climate variables 

from the ERA5-Land reanalysis climate dataset as model input. Daytime is defined by 

shortwave radiation (SWrad), where periods within the day when SWrad > 0 is considered 

as daytime. Based on this definition, hourly air temperature and radiation data are 

aggregated into daytime daily values. Daytime air temperature (Tair-DT
ERA5 ) was calculated 

as the average for daytime, and daytime radiation (SWrad-DT
ERA5

) was calculated as the sum 

for daytime. These values were then averaged every 8 days (Figure 4.2a). SWrad-DT
ERA5

 (J 

m-2) was converted into PARDT
ERA5

 (mol m-2) to meet the model’s input standards (Pan, 

Xiao, Pan, et al., 2024; Ryu et al., 2018): 

PARDT
ERA5 = SWrad-DT

ERA5  × rSW_PAR  ×  β (4.4) 

where rSW_PAR  = 0.45 is the ratio of SW to PAR (Ma et al., 2014; Meek et al., 1984), 

and β = 4.56 μmol J-1 is the energy-quanta conversion factor (Dye, 2004). We compared 

in-situ climate data from 205 global flux towers with the processed ERA5-Land climate 
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dataset. The climate variables (Tair-DT, PARDT) from the EC towers and those from 

ERA5-Land had high consistency, suggesting that it is okay to use ERA5-Land climate 

data for VPM simulation at the global scale (Figure 4.2c). 

Since the ERA5-Land dataset primarily focuses on terrestrial surfaces, there are 

uncertainties in the classifications of land or ocean near coastlines, leading to jagged 

boundaries and missing data on some terrestrial surfaces. To fill these gaps, we 

employed a 3x3 pixel window for edge buffering outward from the image boundaries, 

where each newly generated pixel was calculated as the average value within this 3x3 

pixel window (Figure 4.2b). Subsequently, we used the bicubic method to resample the 

imagery from 11-kilometer to 500-meter. Finally, a terrestrial surface mask (derived 

from MCD12Q1) was applied to clip the imagery accordingly. 

 

Figure 4.2: Preprocessing workflow of the ERA5-Land reanalysis climate dataset 

and comparison with climate variables from the eddy flux tower. (a) Schematic 

illustration of data aggregation from hourly to 8-day; (b) Preprocessing of climate 

variable maps, including gap-fill, resample, and mask; (c) Simple linear regression 
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between Tair-DT
ERA5  and PARDT

ERA5
from the ERA5-Land reanalysis climate dataset and 

Tair-DT
EC  and PARDT

EC
 from the eddy flux towers. 

4.2.5 C4 percentage for cropland and natural vegetation 

C3 and C4 plants have different photosynthetic mechanisms and light use efficiencies 

(Sage et al., 2007). C3 plants, which dominate global ecosystems, can perform 

photosynthesis at lower temperatures and are predominantly found in temperate and 

boreal regions, including crops, trees, shrubs, and grasses. Conversely, C4 plants, less 

widely distributed globally, can perform photosynthesis with high efficiency under high 

temperature, high radiation, and drought conditions. It is predominantly found in 

tropical and subtropical areas, including maize, sugarcane, and many grasses. Because 

of their differences, it is necessary to have C3 and C4 plant function types within the 

LUE models (Collatz et al., 1992; Yan et al., 2015). 

We utilized the global ISLSCP II C4 natural vegetation map (1-degree) to estimate 

the percentage of C4 vegetation in grasslands and savannas (the ratio of C4 vegetation 

area to whole pixel area) (Still, 2009). Additionally, we used the EarthStat 2000 global 

crop type map (0.083-degree) to estimate the percentage of C4 crops, including maize, 

sugarcane, sorghum, and millet  (Ramankutty, 2008). Despite both maps having 

limitations such as low spatial resolution and the omission of interannual variations, 

they provide a relatively reliable distribution of C4 vegetation (Yao Zhang et al., 2017). 

These two maps were then resampled to 500-meter using the bicubic method (Figure 

4.3), and the area-weighted average of the C4 percentage within individual pixels were 
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calculated. 

Figure 4.3: Spatial distribution of C4 plant percentage (%) within individual 

gridcells. The right panel shows the average values of all gridcells within 1° 

latitude bin across the latitude. The red dashed line histogram is the global average 

value of C4 plant percentage. The C4 plant percentage dataset comes from ISLSCP 

II C4 natural vegetation map and Earth Stat 2000 global crop type map 

(Ramankutty, 2008; Still, 2009). 

4.2.6 In-situ data from the eddy flux tower sites 

FLUXNET and AmeriFlux provide continuous measurements of terrestrial–atmosphere 

carbon and water exchange, as well as climate data, through eddy flux towers 

distributed around the world (Chu et al., 2021).  

We downloaded eddy flux tower data from FLUXNET and AmeriFlux, collected 

from towers spanning the 11 IGBP land cover types. Initially, we selected 274 sites that 

contain carbon flux and climate data. We filtered these sites in two steps. 

First, we calculated the average GPP observations (GPPEC) of carbon flux 

variables (GPP_NT_VUT_REF, GPP_DT_VUT_REF) for each time interval (hourly 

or half-hourly, depending on the specific eddy flux tower). Then, we calculated the 
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mean and standard deviation (𝜎) of GPPEC for all the years at each time interval to 

generate a mean reference curve (Figure 4.4). The mean reference curve was compared 

with the observations from each year. Observations exceeding the mean by over three 

standard deviations (±3𝜎) were marked as bad-quality observations. If a site had more 

than 30% of its observations identified as bad-quality, it was excluded. 

 

Figure 4.4: GPPEC data quality control, taking US-Ha1 as an example. (a) GPPEC 

data compared with the mean reference curve; (b) Filtered GPPEC data for model 

evaluation. 
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Second, we compared the IGBP classification provided by FLUXNET or 

AmeriFlux with that from the MODIS land cover type data. Sites with inconsistencies 

IGBP were excluded. After this two-step quality-check and site-scope, we finally 

selected 205 eddy flux sites with a total of 1,658 site-years of data. Their distribution is 

shown in Figure 4.5. 

 

Figure 4.5: Spatial distribution of 205 eddy flux tower sites across 11 biomes in 

this study. In the figure, the sites are consistent with the IGBP classifications 

defined by FLUXNET, AmeriFlux and MCD12Q1. 

For the selected sites, GPPEC observations marked as bad-quality were excluded 

from the validation sample used to evaluate VPM v3.0. Subsequently, the hourly or 

half-hourly data were converted to daily, with GPPEC and the climate variable of 

radiation (PPFD_IN) as daily sums, and the climate variable of air temperature (TA_F) 

as the daytime average, where daytime is defined as the periods when PPFD_IN > 0. 

Then, this daily data was averaged every 8 days. Climate variables were used to 

evaluate the ERA5-Land reanalysis climate dataset. The unit of PPFD_IN was 

converted to compare with the PARDT
ERA5

obtained from ERA5-Land reanalysis climate 
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data: 

PARDT
EC =  

1800 ×PPFD_IN

1000000
(4.5) 

PARDT
EC =  

3600 ×PPFD_IN

1000000
(4.6) 

The unit of PPFD_IN is µmol Photon m-2 s-1, and the unit of PARDT
EC

 is mol m-2. Eq. 

(4.5) and Eq. (4.6) were applied for half-hourly and hourly interval data, respectively. 

4.2.7 Solar-induced fluorescence (SIF) data from TROPOspheric Monitoring 

Instrument (TROPOMI) 

The amounts of APARchl are determined by the amounts of incoming PAR, the 

chlorophyll content in the canopy, and the canopy structure. These amounts are 

generally used in three pathways: photochemical quenching, non-photochemical 

quenching, and emitted fluorescence. Therefore, SIF is closely linked with APARchl and 

the canopy structure that affects reabsorption and the so-called “escaping 

factor.”(Zhang et al., 2023) 

Here, we utilized L2 SIF from TROPOMI to compare with APARchl and GPP 

(Guanter et al., 2021; Köhler, Frankenberg, et al., 2018). The data were selected from 

the 743-758 nm retrieval window due to its lower sensitivity to atmospheric 

disturbances than the 735-758 nm retrieval window (Guanter et al., 2021). 

We employed a weighted mean oversampling method that accounts for the 

proportion of the instrument’s detection footprint within each 0.25-degree pixel to map 

the global SIF (Figure 4.6). As a result, SIF for each 0.25-degree pixel represents the 

weighted average of daily-averaged SIF detection footprints within that pixel over an 

8-day period. The selection of an 8-day aggregation period was designed to synchronize 
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with TROPOMI’s 16-day orbital repeat cycle and MOD09A1’s 8-day cycle, thereby 

minimizing discrepancies due to changes in observational geometry (Doughty et al., 

2021). This method reduces retrieval errors inherent in single detections and 

standardizes the effects of differences in the geometrical positions of the sun and sensor 

(Guanter et al., 2021). 

 

Figure 4.6: Spatial distribution of annual means TROPOMI SIF in 2020. The right 

panel shows the average values of all pixels within 1° latitude bin across the 

latitude. The red dashed line histogram is the global average value. 

4.2.8 GPP products from previous version of VPM (VPM v2.0) and other models 

For comparison with this new GPP product from VPM v3.0 and TROPOMI SIF, we 

selected GPP from remote sensing (RS)-based machine learning, data-driven, and 

process-based models, including VPM v2.0 (version of Zhang. 2017) (Yao Zhang et al., 

2017) and other five global GPP products: BEPS GPP (Leng et al., 2023), BESS GPP 

(B. Li et al., 2023), FLUXCOM GPP (Jung et al., 2020), GOSIF GPP (Li et al., 2019), 

and MOD17 GPP products (Running et al., 1999). We obtained the above products from 

all available years within the period from 2018 to 2021, all products are converted to 
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an 8-day temporal resolution for comparison. Detailed information about these products 

can be found in Table 4.1. 

Table 4.1: Basic information of VPM v2.0 and other five major global GPP 

products. Note that the spatial resolution and temporal resolution only list the 

spatiotemporal resolutions used in this study, and do not represent all the 

spatiotemporal resolutions provided by the dataset. 

GPP product 

Spatial 

resolution 

Temporal 

resolution 

Availability Reference 

VPM v2.0  500-meter 8-day 2018-2020 

(Yao Zhang et al., 

2017) 

BEPS GPP 0.5-degree Daily 2018-2020 (Leng et al., 2023) 

BESS GPP 0.05-degree Daily 2018-2019 (B. Li et al., 2023) 

FLUXCOM GPP 0.5-degree Daily 2018-2020 (Jung et al., 2020) 

GOSIF GPP 0.05-degree Daily 2018-2021 (Li et al., 2019) 

MOD17 GPP 500-meter 8-day 2018-2021 (Running et al., 1999) 

4.2.9 Vegetation Photosynthesis Model (VPM v3.0) 

VPM estimate GPP as the product of APARchl and LUE (𝜀g) (Xiao, Hollinger, et al., 

2004; Xiao, Zhang, et al., 2004): 

GPPVPM =  APARchl  × 𝜀g (4.7) 

where APARchl  is product of PAR and the fraction of PAR  absorbed by chlorophyll 

(FPARchl):  

APARchl = PAR ×  FPARchl (4.8) 

In VPM v2.0, FPARchl was calculated as a linear function with EVI across all the land 
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cover types (Yao Zhang et al., 2017): 

FPARchl = a + b × EVI (4.9) 

Where a and b are set to be -0.1 and 1.0, respectively. Note that chloroplasts in 

needleleaf species are distributed in a ring, while chloroplasts in broadleaf (flat leaf) 

species are usually spread out on the surface of the leaves (Trueba et al., 2022). This 

structural difference between needleleaf and broadleaf species implies that the radiation 

absorption area of chloroplasts in needleleaf species differs from that in broadleaf 

species. VPM v3.0 adjusted the radiation absorption area of chloroplasts in needleleaf 

species to represent the photosynthetic efficiency of the ring-shaped distribution of 

chloroplasts more accurately. Specifically, we applied a ratio ( 𝛾E ) based on the 

comparison between the area of the annular and the area of the concentric circles, to 

approximate the actual area of chloroplasts involved in photosynthesis in needleleaf 

species. The improved equation for FPARchl is as follows: 

FPARchl = {
a + 𝛾E × b × EVI, if needleleaf 

a + b × EVI, if broadleaf 
(4.10) 

where 𝛾E = 1.25 is the ratio of the area of the annular area and the area of concentric 

circles (Law et al., 2001; Trueba et al., 2022). Needleleaf forests can be found in lands 

classified as ENF, Deciduous Needleleaf Forests (DNF), and MF in the MCD12Q1 

dataset. According to the official documentation of MCD12Q1, the pixel proportion of 

broadleaf and needleleaf forests within MF ranges between 40% and 60%. Thus, we 

used a needleleaf pixel proportion of 50% and an area-weighted average method to 

estimate the FPARchl for MF pixels. 

LUE (𝜀g) includes the temperature (Tscalar) and water (Wscalar) stress: 
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𝜀g =  𝜀0  × Wscalar ×  Tscalar (4.11) 

where 𝜀0  = 0.53 (g C mol-1 PAR) for C3 and 0.79 (g C mol-1 PAR) for C4 are the 

maximum light use efficiency (Xiao, 2006). For a pixel with a mix of C3 and C4 plant, 

we used an area-weighted average method to estimate the 𝜀0  ( 𝜀0  = 0.53*C3% + 

0.79*C4%). 

The Wscalar of VPM v2.0 is calculated as follows: 

Wscalar =
1 + LSWI

1 + LSWImax

(4.12) 

where LSWImax is the maximum LSWI during the TGS (Yao Zhang et al., 2016). In 

VPM v3.0, the impact of drought and non-drought within the temporal profile on Wscalar 

is considered (He et al., 2014): 

Wscalar = {

1 + LSWI

1 + LSWImax

, if LSWI ≥-0.1

0.5+LSWI , if LSWI < -0.1

(4.13) 

 Tscalar is calculated as follows: 

Tscalar =
(T − Tmax) ×  (T − Tmin)

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

(4.14) 

where the Tmax, Tmin, and Topt are the maximum, minimum, and optimum temperatures 

for photosynthesis activities. Tmax  and Tmin  are derived from the look-up table (Yao 

Zhang et al., 2017).  

In VPM v2.0, the input for Topt was defined by biome-specific Topt (Topt-biome), as 

estimated by Raich et al. (1991) and Melillo et al. (1993). In VPM v3.0, Topt-biome was 

replaced with site-specific Topt (Topt-site), which is derived from site-specific-year Topt 

(Topt-site-year), and used as the Topt parameter input into the model. Topt-site-year is obtained 

from the annual EVI-Tair-DT
ERA5  response curve. The response curve within the TGS was 



101 

 

generated and fitted by cubic regression splines for each year (Figure 4.7 a). The 

optimal Tair-DT
ERA5   range for vegetation photosynthesis is defined as the set of air 

temperatures corresponding to when EVI surpasses 95% of EVImax. Subsequently, the 

Topt-site-year is calculated as the mean of all Tair-DT
ERA5  falling within this specified range.  

Topt-site was then calculated as the median value of Topt-site-year (Figure 4.7 b). Figure 4.7 

c shows the global map of Topt-site. Along the latitudinal gradient, Topt-site ranges between 

4°C to 35°C. The highest values are found in tropical regions, gradually decreasing 

along the latitudinal gradient, and reaching their lowest near the poles. Further details 

on the global Topt-site dataset are provided in another manuscript (Pan, Xiao, Yao, et al., 

2024). 

 

Figure 4.7: Global site-specific apparent optimal air temperature for 

photosynthesis (Topt-site) dataset. (a) The response curve of EVI to Tair-DT
ERA5 , using the 
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US-Ha1 site (Harvard Forest, DBF, 42.5378, -72.1715) as an example. The solid 

dark blue line represents curve fit using cubic regression splines. The boxplot 

shows points every 2°C bin; (b) Topt-site-year from each year; and (c) global map of 

Topt-site. The red dashed line in the histogram is the global average value. The black 

solid line is the average value of all pixels within 1-degree across the latitude. 

We ran VPM v3.0 and estimated the global GPPVPM-v3, with the main workflow 

and input data illustrated in Figure 4.8. Additionally, we set up various scenarios to run 

the VPM model (Table 4.2): S (VPM v3.0), S0 (VPM v2.0), S1 (VPM v2.0 with Topt-

site parameter), S2 (VPM v2.0 with improved FPARchl parameter), S3 (VPM v2.0 with 

improved Wscalar parameter). 

 

Figure 4.8: Workflow and input data of VPM v3.0 to simulate global GPP 

(GPPVPM-v3).  

Table 4.2: The VPM model under various scenarios. Topt-site and Topt-biome represent 

the Topt in VPM v2.0 and VPM v3.0, respectively. All other parameters across these 

scenarios are consistent. 
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Scenarios Topt FPARchl Wscalar 

S Topt-site VPM v3.0 VPM v3.0 

S0 Topt-biome VPM v2.0 VPM v2.0 

S1 Topt-site VPM v2.0 VPM v2.0 

S2 Topt-biome VPM v3.0 VPM v2.0 

S3 Topt-biome VPM v2.0 VPM v3.0 

4.2.10 Statistical analysis 

We evaluated VPM v3.0 using GPP derived from eddy flux towers and TROPOMI SIF 

at site and global scales. Simple linear regression was utilized to compute three key 

indicators: slope, the coefficient of determination (R²), and the root mean square error 

(RMSE). The application of simple linear regression served two primary purposes in 

our assessment: (1) comparing GPPVPM-v3 with GPPEC from 205 eddy flux tower sites, 

and (2) comparing GPPVPM-v3 with other major GPP products, including GPPVPM-v2, 

BEPS, MOD17, GOSIF, BESS, and FLUXCOM GPP products. Simple linear 

regression is a statistical method that models the relationship between two variables by 

fitting a linear equation to observed data (Zou et al., 2003). In this study, we calculated 

the linear equation without intercept (y = α * x). The primary aim was to estimate the 

slope and the determination coefficient (R2).  The slope of the linear regression model 

without intercept can be calculated by the following formula: 

α =
∑ xiyi

∑ xi
2

(4.15) 

Where xi and y
𝑖
 are the i-th values of the two independent variables, respectively. R2 
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can be calculated as: 

R2 = 1 −
∑(y

i
− αxi)

2

∑(y
i

− 𝑦̅)2
(4.16) 

Where y̅ is the mean values of the independent variables y. The RMSE can be estimated 

as: 

RMSE = √
1

𝑛
∑(y

i
−  y

i̅
)

2
(4.17) 

The Pearson correlation coefficient was calculated to evaluate temporal 

consistency at the pixel level. This method was used to evaluate: (1) the temporal 

consistency between the TROPOMI SIF time series with the APARchl and the GPPVPM-

v3 time series; (2) the temporal consistency between the GPPVPM-v3 and other major GPP 

time series; and (3) the temporal consistency between the TROPOMI SIF time series 

and other major GPP time series products. The Pearson correlation coefficient (r) is a 

statistical indicator of the linear correlation between two variables, with its value 

ranging from -1 to 1 (Cohen et al., 2009). Negative and positive values indicate negative 

and positive correlations, respectively. The magnitude of the r absolute value signifies 

the extent of correlation between the two variables, with 0 indicating no linear 

correlation. The formula for calculating r is as follows: 

r =
∑ (xi − x̅)(y

𝑖
− y̅)𝑛

i=1

√∑ (xi − x̅)2(y
𝑖

− y̅)
2n

𝑖=1

(4.18)
 

Where xi and y
𝑖
 are the i-th values of the two independent variables, respectively, x̅ and 

y̅ are the mean values of the variables, respectively, and n is the number of each variable. 
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4.3 Results 

4.3.1 Evaluation of GPPVPM from VPM v3.0 with GPPEC from eddy flux tower 

We compared the relationship between time series GPPVPM-v3 and GPPEC data (g 

C/m2/day) across 11 land cover types and 205 eddy flux tower sites with 1,658 site-

years on an 8-day temporal resolution by using simple linear regression (Figure 4.9). 

According to the slope, the magnitude of GPPVPM-v3 is consistent with GPPEC for most 

land cover types, such as CRO, CSH, ENF, GRA, MF, WET, and WSA, ranging 

between 0.85 and 1.02. GPPVPM-v3 slightly overestimates in DBF (slope = 1.12) and 

OSH (slope = 1.18), and underestimates in EBF (slope = 0.72) and SAV (slope = 0.79). 

According to the R2 values, EBF (R2 = 0.55) and SAV (R2 = 0.69) had moderate 

agreement, and the remaining nine land cover types had high agreement between 

GPPVPM-v3 and GPPEC, with R2 ranging from 0.72 to 0.90. RMSE across all 11 biomes 

ranged from 0.87 to 2.19 gC m⁻² day⁻¹, with most biomes showing RMSE below 2 gC 

m⁻² day⁻¹, except for EBF, which had an RMSE of 2.19 gC m⁻² day⁻¹. Aggregated data 

from all 205 sites (1,658 site-year), the slope, R2, and RMSE between GPPVPM-v3 and 

GPPEC are 0.97, 0.78, and 1.46 gC m⁻² day⁻¹, respectively. The high degree of 

consistency demonstrates that GPPVPM-v3 reasonably tracks the magnitude and seasonal 

dynamics of GPPEC at these eddy flux tower sites. 
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Figure 4.9: Comparisons between GPPVPM-v3 and GPPEC. (a)–(k) compare GPP 

estimated from VPM v3.0 (GPPVPM-v3) with observed GPP (GPPEC) across 11 

biomes, using statistical metrics slope, R², and RMSE (see Supplementary Method 

1). The red dashed line is regression curve between GPPVPM-v3 and GPPEC, while 

the gray dashed line is the 1:1 line. (l) reports mean daily GPPEC and mean daily 

GPPVPM-v3 across all sites within each biome, with error bars indicating the 

standard deviations across sites. The amounts of available GPPEC observations 

(from eddy flux towers) varies across biomes. Point size represents the proportion 

of GPPEC observations in specific biome relative to the total observations. 

4.3.2 Evaluation of APARchl and GPPVPM with SIF 

Time series TROPOMI SIF and APARchl data during 2018-2021 were strongly 

correlated in most areas, such as North America and large parts of Europe, Asia, and 
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Africa (Figure 4.10a). The correlation is relatively lower in tropical forest regions 

between 20°S and 20°N, such as the Amazon basin, Congo basin, Southern Asia, and 

part of Australia, in part driven by small seasonal dynamics of PAR, VIs, APARchl, and 

SIF in tropics. We explored a site with little land cover and land use change, ATTO, in 

Manaus, Brazil (Figure 4.11). Inconsistencies appeared in the seasonal dynamics 

between SIF, GPP, and APARchl in this site. We also noticed that the correlation is 

relatively low in high-latitude regions, such as the boreal forests and tundra areas of 

North America and Russia. Despite these regional variations, TROPOMI SIF and 

APARchl exhibit a high positive correlation across most parts of the world, with more 

than 55% of grid cells having r > 0.8.  This suggests that the estimated APARchl is an 

effective indicator reflecting the radiation utilized by vegetation chlorophyll for 

photosynthesis. 

 The temporal consistency between GPPVPM-v3 and TROPOMI SIF aligned well 

with those between APARchl and TROPOMI SIF (Figure 4.10b).  GPPVPM-v3 and 

TROPOMI SIF exhibit a slightly higher positive correlation across most regions of the 

globe, with an average r of 0.81 (Figure 4.10b). 
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Figure 4.10: Temporal consistency of APARchl and GPPVPM with TROPOMI SIF 

at the pixel-to-pixel level. The comparison period spans from May 1, 2018, to 

December 31, 2021, totaling 169 images. r denotes the Pearson correlation 

coefficient. The red dashed line in the histogram is the global average value. The 

black solid line is the average value of all pixels within 1° across the latitude. All 

data were aggregated to 0.25-degree and 8-day. 
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Figure 4.11: Seasonal dynamics of TROPOMI SIF, APARchl, and GPPVPM-v3 in the 

grid cell covering the ATTO tower site in Manaus, Brazil (-59.0033, -2.1483).  

4.3.3 The effects of model parameter changes (Topt, FPARchl, and Wscalar) on GPP 

estimation in VPM (v3.0) at the global scale 

We conducted simple linear regressions between GPPVPM under various scenarios and 

GPPEC. Figure 4.12 shows the statistical results comparing GPPVPM with all GPPEC 

observations (205 sites, 1,658 site-years). 

 

Figure 4.12: Simple linear regression between GPPVPM under various scenarios (S, 

S1, S2, S3, S0) and GPPEC in 205 eddy flux tower sites with 1,658 site-year across 

11 land cover types. S: VPM v3.0; S1: VPM v2.0 plus improved Topt parameter; 

S2: VPM v2.0 plus improved FPARchl parameter; S3: VPM v2.0 plus improved 

Wscalar parameter; S0: VPM v2.0. (a) The blue, red, and green boxes represent the 
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slope, RMSE, and R2 between GPPVPM and GPPEC for all sites, respectively. (b) 

The differences in simple linear regression between GPPVPM and GPPEC were 

evaluated across various scenarios (S, S1, S2, S3) relative to scenario S0. For 

instance, (S, S0) denotes comparison between scenario S and scenario S0. Dark-

colored bars indicate the percentage of sites where model performance improved 

relative to scenario S0 (VPM v2.0), while light-colored bars indicate poorer model 

performance. Improved model performance specifically refers to a slope closer to 

1, higher R², and lower RMSE. 

Under Scenario S0 (VPM v2.0), an overall slope, R², and RMSE of 0.90, 0.69, and 

1.71 gCm-2day-1, respectively (Figure 4.12). Across 11 land cover types, specifically, 

the range of slopes was from 0.62 to 1.11, RMSE was from 0.63 to 2.21 gCm-2day-1, 

and R² ranged from 0.47 to 0.87 (Figure 4.13, Figure 4.14).  

 

Figure 4.13: Simple linear regression between GPPVPM under various scenarios (S, 

S1, S2, S3, S0) and GPPEC in specific land cover types. S: VPM v3.0; S1: VPM v2.0 

plus improved Topt parameter; S2: VPM v2.0 plus improved FPARchl parameter; 
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S3: VPM v2.0 plus improved Wscalar parameter; S0: VPM v2.0. The blue, red, and 

green boxes represent the slope, RMSE, and R2 between GPPVPM and GPPEC for 

all sites, respectively. 

 

Figure 4.14: The differences in simple linear regression between GPPVPM and 

GPPEC were evaluated across various scenarios (S, S1, S2, S3) relative to scenario 

S0 in specific land cover types. For instance, (S, S0) denotes comparison between 

scenario S and scenario S0. Dark-colored bars indicate the percentage of sites 

where model performance improved relative to scenario S0 (VPM v2.0), while 

light-colored bars indicate poorer model performance. Improved model 

performance specifically refers to a slope closer to 1, higher R², and lower RMSE. 

Compared to scenario S0, the three scenarios (S1, S2, S3) varied by land cover 

type but overall showed improved model performance (slope closer to 1, higher R2, and 

lower RMSE) (Figure 4.12a, Figure 4.13). Specifically, scenario S1 improved modeling 

performance across most sites, with 62%, 82%, and 72% of sites showing higher model 
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performance (Figure 4.13, Figure 4.14). Scenario S2 effectively addressed the 

underestimation of GPP at ENF and MF sites, achieving a slope closer to 1, lower 

RMSE, and increased R2 at some sites (Figure 4.12b, Figure 4.13, Figure 4.14). 

Evidence from several ENF sites with over 10 years of observations indicates that the 

improvement of FPARchl in Scenario S2 notably improved VPM’s model performance 

during the growing season, whereas Scenario S0 was pronounced underestimated 

(Figure 4.15). Under scenario S3, the slopes are closer to 1 at GRA, OSH, and SAV 

sites, which are mostly in arid/semi-arid regions (Figure 4.13, Figure 4.14).  

 

Figure 4.15: The seasonal comparison of GPP at eight typical ENF (coniferous tree) 

sites includes data from VPM (scenario S2), VPM (scenario S0), and the eddy flux 

tower. These sites were selected for providing over 10 site-years of observations. 

Red, blue, and gray dashed lines represent GPPEC, GPPVPM (S2), and GPPVPM (S0), 

respectively. The blue and gray text denote the linear regression between GPPEC 

and GPPVPM (S2), and between GPPEC and GPPVPM (S0), respectively. Data shown 

in the figure represents mean value across all years. 

We also selected several typical arid sites to show the model performance 

improvements in Scenario S3 compared to Scenario S0 (Figure 4.16). Scenario S0 was 
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overestimated at these sites, while the improvement in Wscalar in Scenario S3 effectively 

mitigated this overestimation. 

 

Figure 4.16: The seasonal comparison of GPP at eight typical arid sites includes 

data from VPM (scenario S3), VPM (scenario S0), and the eddy flux tower. These 

sites were selected because they are located in arid regions or have experienced 

severe drought events. Red, blue, and gray dashed lines represent GPPEC, GPPVPM 

(S3), and GPPVPM (S0), respectively. The blue and gray text denote the linear 

regression between GPPEC and GPPVPM (S3), and between GPPEC and GPPVPM 

(S0), respectively. Data shown in the figure represents mean value across all years. 

Integrating these three improvements, scenario S (VPM v3.0) demonstrated higher 

model performance relative to scenario S0 (VPM v2.0), with 63% of sites showing a 

slope closer to 1, 81% of sites achieving higher R2, and 76% of sites exhibiting lower 

RMSE (Figure 4.12). The results clearly demonstrate the positive impact of combining 

three parameters Topt, FPARchl, and Wscalar improvements on the VPM modeling 

performance. Among these, the Topt parameter improved modeling performance across 

most ecosystems, while FPARchl and Wscalar parameters showed varying effectiveness 

depending upon the land cover type. 
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4.3.4 Comparisons between global GPP products from VPM v3.0 and other 

major models 

The relationship between the mean daily GPP from GPPVPM-v3 and various major GPP 

products was compared. The comparison between GPPVPM-v3 and the previously 

released GPPVPM-v2 shows a slope of 1.08, an R² of 0.91, and an RMSE of 0.71 g C m⁻² 

day⁻¹ (Figure 4.17a). This suggests that GPPVPM-v3 generally continues the performance 

of the GPPVPM-v2 product, with the improvement introducing estimation variations in 

magnitude. Among other GPP products with differences in model structure and data 

input, GPPVPM-v3 exhibits good consistency with those GPP products, such as BEPS, 

GOSIF, and BESS. The slopes ranged from 0.98 to 1.06, R² ranged from 0.83 to 0.88, 

and RMSE ranged from 0.82 to 0.97 g C m⁻² day⁻¹ (Figure 4.17b, d, and e). Despite the 

MOD17 and FLUXCOM GPP products having reasonable R² values compared to 

GPPVPM-v3, they tended to underestimate GPP by 31% and 12% compared to GPPVPM-

v3, respectively (Figure 4.17c, f).  

Overall, GPPVPM-v3 provides GPP estimates consistently aligned with those from 

various major GPP products within a reasonable error range, thereby confirming VPM 

v3.0 as a reliable model for global long-term GPP estimation. 
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Figure 4.17: Comparison of mean daily GPP between GPPVPM-v3 and other GPP 

products. GPPVPM-v3 refers to the estimation of VPM v3.0 in this study, while 

GPPVPM-v2 refers to the estimation of VPM v2.0 from the version of Zhang et al. 

(2017). BEPS, MOD17, GOSIF, BESS, and FLUXCOM GPP refer to the other 

major GPP products. All GPP products selected data available from May 1, 2018, 

to December 31, 2021, and were aggregated to 0.25 degrees and 8-day. 

We also analyzed the temporal correlation between GPPVPM-v3 and other major 

GPP products during 2018-2021 at the pixel-to-pixel scale (Figure 4.18). GPPVPM-v3 and 

GPPVPM-v2 showed a very strong correlation, with r exceeding 0.8 in more than 90% of 

pixels, indicating consistent seasonal dynamics between the two versions (Figure 4.18a). 

However, the correlation between GPPVPM-v3 and other GPP products varies by region. 

In North America and most parts of Europe, Asia, and Africa, GPPVPM-v3 strongly 
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correlates with other GPP products (Figure 4.18b, c, d, e, and f).   

The correlation is relatively low in tropical regions, including the Amazon 

rainforest, the Congo Basin, Southeast Asia, and Australia, primarily due to persistent 

cloud cover, which result in small number of good-quality satellite observations and 

significantly impacts the performance of models in these areas. Additionally, the 

tropical forests are dominated by evergreen plants with small seasonal dynamics, 

making it challenging to achieve statistical consistency across different products. This 

weak correlation in the tropical regions is particularly significant when compared to 

process-based and machine learning models such as BEPS, BESS, and FLUXCOM 

GPP, where the correlation is close to zero or even negative (Figure 4.18b, e, and f). 

Data-driven models like MOD17 and GOSIF showed slightly better correlations with 

GPPVPM-v3 (Figure 4.18c, d). Overall, GPPVPM-v3 exhibits strong correlations with these 

GPP products in most parts of the world, with a global average r ranging from 0.88 to 

0.95. 

 

Figure 4.18: Temporal consistency between GPPVPM-v3 and other GPP products at 
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the pixel-to-pixel level. GPPVPM-v3 refers to the estimation of VPM v3.0 in this study, 

while GPPVPM-v2 refers to the estimation of VPM v2.0 from the version of Zhang, 

et 2017. BEPS, MOD17, GOSIF, BESS, and FLUXCOM GPP refer to the other 

GPP products. All GPP products selected data available from May 1, 2018, to 

December 31, 2021, and were aggregated to 0.5 degrees and 8-day. 

We used TROPOMI SIF data as a common reference to compare the temporal 

correlation at the pixel scale between these major GPP products and TROPOMI SIF. 

The correlations between these seven GPP products (including GPPVPM-v3) and SIF 

showed a globally consistent geographic pattern (Figure 4.10b, Figure 4.19). North 

America and most parts of Europe, Asia, and Africa show relatively strong correlations, 

while tropical and high-latitude regions exhibit low correlations. Notably, MOD17 

shows almost no correlation with TROPOMI SIF throughout the Amazon rainforest 

(Figure 4.19c). Similarly, FLUXCOM shows almost no correlation with TROPOMI 

SIF in central Australia (Figure 4.19f).  
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Figure 4.19: Temporal consistency between SIF and other GPP products at the 

pixel-to-pixel level. In this figure, GPPVPM-v2 refers to the estimation of VPM v2.0 

from the version of Zhang, et 2017. BEPS, MOD17, GOSIF, BESS, and 

FLUXCOM GPP refer to the other GPP products. All GPP products selected data 

available from May 1, 2018, to December 31, 2021, and were aggregated to 0.5 

degrees and 8-day. 

The cumulative frequency of the Pearson correlation coefficient among these 

global GPP products shows that MOD17 has the lowest correlation with SIF, while 

BEPS, BESS, GOSIF, and GPPVPM-v3 have a relatively high correlation with SIF (Figure 

4.20). 
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Figure 4.20: Cumulative frequency of the Pearson correlation coefficient for the 

comparison among the global GPP products. 

4.4 Discussions 

4.4.1 Improved GPP estimation from VPM v3.0 

VPM v2.0 and various ecosystem models use a biome-specific Topt-biome parameter to 

represent the influence of air temperature on GPP (Running et al., 2000; Yan et al., 2015; 

Yuan et al., 2007; Yao Zhang et al., 2017). However, biome-specific Topt-biome does not 

account for vegetation physiological adaptation and acclimatization under different 

geographic locations and climatic conditions (Figure 4.21) (Melillo et al., 1993; Niu et 

al., 2012; Raich et al., 1991; Wang et al., 2023).  
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Figure 4.21: Spatial distributions of biome-specific (Topt-biome) and site-specific 

(Topt-site) apparent optimal air temperature for photosynthesis. (a) Global map of 

Topt-biome used in VPM v2.0, derived from MCD12Q1 and look-up table (Melillo et 

al., 1993; Raich et al., 1991; Yao Zhang et al., 2017). (b) The difference between 

Topt-site and Topt-biome (Topt-D = Topt-site - Topt-biome). The red dashed line in histogram 

is the global average value. The black solid line is the average value of all pixels 

within 1-degree across the latitude. 

One study in 11 grassland sites reported significant variations in Topt among these 

sites, highlighting substantial uncertainties when the biome-specific Topt-biome parameter 

was used for estimating GPP at these sites (Chang et al., 2020). The global map of site-

specific Topt-site shows that Topt-site varies substantially within a biome, and furthermore, 
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Topt-biome does not match the mean or median values of the Topt-site over all the pixels 

within a biome (Figure 4.22). Recent studies assessed the performance of site-specific 

Topt-site for GPP estimation at multiple sites across diverse land cover types and have 

demonstrated that replacing biome-specific Topt-biome with site-specific Topt-site in the 

VPM model substantially improves the accuracy of GPP estimates (Chang et al., 2021a; 

Pan, Xiao, Pan, et al., 2024). Our results further confirm that, on a global scale, using 

Topt-site as an input can significantly enhance model accuracy. This improvement is 

crucial before conducting global GPP estimates. VPM v3.0 also introduces new 

equations to estimate Wscalar and FPARchl, and the results indicate these improvements 

are necessary, as they show better consistency with GPPEC measurements from flux 

towers than VPM v2.0.  

 

Figure 4.22: Histogram of site-specific apparent optimal air temperature for 

photosynthesis (Topt-site) and its comparison with Topt-biome. This histogram is 

obtained based on the Topt-site of specific biomes across the globe. The classification 
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of biomes is from MODIS Land Cover Type (MCD12Q1). 

The improvements in the above-mentioned model variables and parameters (Topt-

site, Wscalar, and FPARchl) in VPM v3.0 are pivotal for enhancing the model’s accuracy 

in estimating GPP. The comparison between GPPVPM from VPM v3.0 and GPPEC from 

205 eddy covariance tower sites encompassing 1,658 site-years achieves a slope of 0.97, 

an R² of 0.78, and an RMSE of 1.46 gC m⁻² day⁻¹ with GPPEC, which is reasonable and 

commendable. Previous model studies on GPP estimates over the eddy flux tower sites 

typically reported R² ranging from 0.6 to 0.8 between GPPmodel and GPPEC (Leng et al., 

2023; B. Li et al., 2023; Li et al., 2019; Yao Zhang et al., 2017). In addition, the 

relationship between GPPVPM from VPM v2.0 and GPPEC at these tower sites had a 

slope of 0.91, an R² of 0.67, and an RMSE of 1.71 gC m⁻² day⁻¹. VPM v3.0 exhibited 

higher performance at over 80% of the sites than VPM v2.0. These results highlight the 

substantial advancements, and the critical necessity of the improvements implemented 

in VPM v3.0. VPM v3.0 is now a more robust and reliable model for global GPP 

estimation and paves the way for developing new, long-term global GPP products. 

4.4.2 Evaluation between TROPOMI SIF data and model estimation at global 

scale 

Previous studies have compared SIF and APAR, as both serve as crucial energy 

indicators in the photosynthetic process. At individuals’ site, ground-observed APAR 

and SIF exhibit a significant positive correlation and consistent seasonal dynamics 

(Yang et al., 2018; Yang et al., 2015). Furthermore, some studies have identified that 
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APAR is the predominant factor influencing the relationship between GPP and SIF 

(Miao et al., 2018; Yang et al., 2015). Satellite-derived SIF has demonstrated strong 

linear temporal correlations with ground-based SIF observations (Yang et al., 2015). 

Consequently, SIF is used to evaluate its large-scale association with APAR. For 

instance, one study showed consistent seasonal dynamics and spatial variations 

between SIF and APAR across North America (Yao Zhang et al., 2016). This study 

shows that satellite-derived SIF closely aligns with the APARchl estimates from VPM 

v3.0 on a global scale. This high correlation highlights the robust performance of VPM 

v3.0 in estimating APARchl, effectively capturing the seasonal variability of 

photosynthetic activity across various ecosystems worldwide. Recent studies indicate 

that the relationship between SIF and APAR is stronger than that between SIF and GPP 

at the site scale (Miao et al., 2018; Yang et al., 2018). This insight is crucial for global 

estimates of GPP and emphasizes the importance of accurately estimating APAR within 

the VPM v3.0 framework.  

Many publications have consistently demonstrated a strong correlation between 

SIF and GPP (Li et al., 2019; Yang et al., 2018; Yang et al., 2015; Yongguang Zhang et 

al., 2016; Yao Zhang et al., 2016). Our results corroborate these observations, showing 

a high correlation between SIF and GPP on the global scale. The correlation coefficients 

of SIF vs. APARchl and SIF vs. GPP varied noticeably across regions, ranging from 

weak in arid and tropical regions to strong in temperate regions. Tropical forest areas 

in the Amazon and Congo basins exhibit relatively low correlations. In these moist and 

dense forest areas, frequent cloud cover substantially affects satellite-based SIF and 
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surface reflectance data quality. High cloud optical thickness, water vapor content, and 

dense aerosol properties lead to a scarcity of good-quality satellite observations, 

negatively affecting the estimation and evaluation of data-driven models (Martin et al., 

2010).  

The correlation coefficients of SIF vs. APARchl and SIF vs. GPP are also relatively 

low over high-latitude regions with evergreen boreal forests. Conversely, in temperate 

regions where both vegetation canopy and climate have strong seasonal dynamics, the 

correlation coefficients of SIF vs. APARchl and SIF vs. GPP are very high. These 

findings emphasize the need to account for regional variations when using TROPOMI 

SIF as a proxy for estimating GPP, as environmental factors and satellite data quality 

could affect the correlation between TROPOMI SIF and GPP. These findings also call 

for more in-situ SIF measurements over evergreen broadleaf forests in the tropical zone 

and evergreen needleleaf forests in the boreal zone. 

4.4.3 Consistency and discrepancy among the major global GPP data products 

The comparison of GPP data products between VPM v3.0 and major global GPP models, 

including machine learning, LUE, and process-based models, demonstrates consistent 

global seasonal dynamics (R² from 0.8 to 0.9). Note all models we selected are RS-

based GPP models. This consistency in seasonal dynamics arises from the coherence of 

seasonality in variables derived from satellite, including meteorological parameters, 

vegetation indices, and other environmental variables, as well as the strong emergent 

constraints among these variables (Chen et al., 2024; Doughty et al., 2021; Zhao et al., 

2021). 
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Despite the high consistency in seasonal dynamics within different models, there 

are significant discrepancies in the annual global total GPP (Figure 4.23). The global 

annual total GPP from these major global GPP products ranges from 105 Pg C year-1 to 

142 Pg C year-1. FLUXCOM GPP product, based on machine learning model, estimates 

a relatively low global annual total GPP of 118 Pg C year-1. MOD17 model also 

significantly underestimates global GPP, with the total annual global GPP being 105 Pg 

C year-1. These underestimations arise result from uncertainties in model structure, 

parameter settings, and data inputs. For example, FLUXCOM does not differentiate 

between C3 and C4 vegetation types, potentially leading to an underestimation of C4 

vegetation (Tramontana et al., 2016). MOD17 model is widely recognized for 

underestimating the maximum light use efficiency (Turner et al., 2006), FPAR product 

(Turner et al., 2003), and atmospheric forcing data (Ryu et al., 2019; Turner et al., 2006; 

Turner et al., 2003; Xin et al., 2017). In contrast, the global annual total GPP estimate 

of VPM v3.0 is 141 Pg C year-1, which is highly consistent with BEPS (142 Pg C year-

1), BESS (137 Pg C year-1), and GOSIF (141 Pg C year-1). Historically, the trajectory 

of LUE model development has focused on reconciling the magnitude of APAR and 

light use efficiency parameter estimates (Ryu et al., 2019). The high consistency 

between VPM v3.0 and process-based GPP models reflects relatively reasonable 

estimates of these two key parameters in VPM v3.0.  
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Figure 4.23: Global annual total GPP estimates from major global GPP products. 

Error bars indicate the standard deviation from 2018 to 2021, and black dots 

represent the values for each year. 

The interannual variability among different GPP products also shows significant 

differences. For example, FLUXCOM exhibits almost no interannual variability, with 

a multi-year standard deviation of 0.11 Pg C year-1 over two decades. This is likely 

attributed to the limited distribution of eddy flux towers worldwide, particularly their 

scarcity in tropical regions (Fu et al., 2018; Jung et al., 2020). Given that tropical 

regions are the largest contributors to global GPP, FLUXCOM's heavy reliance on 

extensive interpolation fails to accurately capture the long-term dynamics (Jung et al., 

2019; Jung et al., 2020). VPM v3.0 replaced NCEP with ERA5-Land from VPM v2.0 

because we found significant uncertainties in the radiation data from NCEP in 2019, 

which resulted in an underestimation of annual GPP by more than 10%. The update to 

meteorological data resolved this issue, and the interannual variability of VPM v3.0 is 
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2.34 Pg C, slightly higher than BEPS (1.5 Pg C year-1), BESS (1.7 Pg C year-1), and 

GOSIF (0.72 Pg C year-1).  

The comparison of six global GPP datasets over the period of 2018-2021 from 

machine learning models, data-driven models, and process-based models shows that 

the global GPP estimates provided by VPM v3.0 fall within a reasonable and acceptable 

range of GPP estimates across major GPP models. These findings demonstrate that 

VPM v3.0 has reasonable robustness and capability to integrate MODIS data and 

ERA5-Land climate data effectively and can be used to generate a global GPP product 

over many years. 

4.4.4 Future work of LUE models 

Many LUE models do not include the CO2 fertilization effect on LUE, these LUE 

models are not able to accurately capture interannual variations and changes in carbon 

flux when compared with ground GPP measurement (Anav et al., 2015; B. Li et al., 

2023; Schaefer et al., 2012). To date, widely used RS-based GPP models do not 

incorporate the impact of the CO2 fertilization effect on GPP estimations, potentially 

resulting in underestimations of interannual variations and changes (trends) in global 

GPP. A recent study that included atmospheric CO2 concentration in the MODIS GPP 

model found that interannual variability doubled relative to the original (Keenan et al., 

2023). The impact of atmospheric CO2 concentration on model simulations may need 

further consideration in future model development. 

LUE models primarily use vegetation indices as inputs, which are highly sensitive 

to the quality of surface reflectance products. An improved method could involve using 
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SIF to estimate APARchl, as SIF is less affected by sun-sensor geometry and cloud cover 

than surface reflectance and vegetation indices (Doughty et al., 2019; Du et al., 2022). 

Unlike vegetation indices, SIF also does not saturate (Köhler, Guanter, et al., 2018), 

making it a promising tool for refining APARchl estimates in the future. Additionally, 

canopy saturation with radiation has been widely observed in tropical regions (Doughty 

et al., 2021); LUE models estimating light absorption and GPP at daily temporal 

resolution typically omit this saturation effect as they assume a linear relationship 

between radiation and APARchl at daily temporal resolution. Since SIF does not saturate 

under high radiation, future VPM models could integrate SIF or introduce non-linear 

models to estimate these effects at hourly temporal resolution (Hu et al., 2020; 

Mahadevan et al., 2008). 

4.5 Conclusion 

In this chapter, we developed an improved version of VPM v3.0, which incorporates 

three key enhancements over VPM v2.0, and conducted global simulations using 

Terra/MODIS imagery and the ERA5-Land. We evaluated the performance of GPP 

estimates from VPM v3.0 using ground GPP measurements (GPPEC) from 205 eddy 

flux tower sites, which collectively represent 1,658 site-years across 11 land cover types. 

Additionally, the relationships among SIF, APARchl, and GPP were analyzed globally 

from 2018 to 2021. The results showed that GPP from VPM v3.0 exhibited high 

consistency with GPPEC and TROPOMI SIF at site and global scales, respectively. 

VPM v3.0 significantly improved the accuracy of GPP estimates at the majority of eddy 

flux tower sites compared to its predecessor, VPM v2.0. Furthermore, VPM v3.0 
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strongly agreed with major global GPP products, such as BEPS, BESS, and GOSIF. 

Our results suggest that VPM v3.0 could serve as a new, reliable, and accurate tool for 

global GPP estimation, supporting the production of long-term global GPP datasets and 

advancing studies on the carbon cycle and climate change. 
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Chapter 5 : Incorporating CO2 into VPM to improve global 

gross primary production estimates 

ABSTRACT 

Terrestrial gross primary production (GPP) is a major flux in the carbon cycle, and 

estimates of global annual GPP vary substantially, ranging from 120 Pg C yr-1 (Beer et 

al., 2010) to 157 ± 8.5 Pg C yr-1 (Lai et al., 2024). Here we use Vegetation 

Photosynthesis Model (VPM v4.0), satellite images, ERA5-Land climate, and 

atmospheric CO2 concentration data to estimate global GPP during 2000-2023. VPM 

v4.0 considers (1) light absorption by chlorophyll and leaf traits (broad leaf vs. needle 

leaf) and (2) CO2 fixation by plant function types (C3 and C4) and site-specific effects 

of air temperature, water and atmospheric CO2 concentration. At the site scale, VPM 

v4.0 accurately tracks annual GPP, interannual variability (IAV) and trends as observed 

by eddy covariance towers over 777 site-years. At the global scale, global annual GPP 

from VPM v4.0 varies from 145 Pg C yr-1 in 2000 to 166 Pg C yr-1 in 2023, with a mean 

of 155 ± 6 Pg C yr-1, which falls within the range of annual GPP from carbonyl sulfide 

(OCS)-based method (157 Pg C yr-1, 2000-2010) (Lai et al., 2024), respiration-based 

method (149 Pg C yr-1) (Jian et al., 2022), and 18O-based method (150–175 Pg C yr-1) 

(Lisa R. Welp et al., 2011b). Annul GPP from VPM v4.0 increased substantially during 

2000-2023, with a trend of 0.78 Pg C yr-2, higher than that from most models. The direct 

CO2 effect is high in tropical and subtropical forests and contributes substantially to 

continued increase of global GPP during 2000-2023. Our findings show that as a 
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diagnostic model, VPM v4.0 has improved global GPP estimation and offers useful 

GPP data products for benchmark of other terrestrial biosphere models. 

5.1 Introduction 

Terrestrial gross primary production (GPP) is the largest carbon flux in the global 

carbon cycle (Anav et al., 2015; Beer et al., 2010; Ryu et al., 2019). Accurately 

quantifying GPP is essential for us to understand how terrestrial ecosystems respond to 

and regulate the effects of climate change and atmospheric CO2 concentration and to 

formulate carbon emission reduction and ecological protection policies (Ciais et al., 

2014; Gampe et al., 2021). Many prognostic and diagnostic terrestrial biosphere models 

(TBM) have been developed and applied to estimate global GPP over the years. In 

addition to different input datasets used in simulations, these models vary in terms of 

model (processes, variables, algorithms, and parameters), ranging from complex and 

prognostic Earth system models incorporating detailed physiological processes (e.g., 

dynamic global vegetation models; DGVMs) to simple, diagnostic,  data-driven models 

that combine remote sensing data and statistical methods (Guanter et al., 2014; Jung et 

al., 2019; Leng et al., 2023; B. Li et al., 2023; Monteith, 1972; Sitch et al., 2003). For 

several decades, the estimates of global annual GPP were ~120 Pg C yr-1 (Beer et al., 

2010), which has been widely used in the study of the global carbon cycle and budget. 

Recent studies reported that global annual GPP could be as high as ~157±8.5 Pg C yr-1 

by carbonyl sulfide (OCS) flux method (Lai et al., 2024), ~149 Pg C yr-1 by soil 

respiration method (Jian et al., 2022), and 150–175 Pg C yr-1 by 18O method (Lisa R. 

Welp et al., 2011b). The large discrepancies among these estimates call for the further 
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development of TBMs.    

Plant photosynthesis has light absorption process and CO2 fixation (Calvin cycle) 

process, which are represented differently in TBMs (Farquhar et al., 1980; Sellers, 

1985). Among the data-driven TBMs, one group of models explicitly calculate light 

absorption and use light use efficiency (LUE) to approximate the complex CO2 fixation 

process (Monteith, 1972). The basic assumption of the LUE models is that 

photosynthesis is directly related to absorbed photosynthetically active radiation 

(APAR) and light use efficiency (ϵg): 

GPP = APAR ×  ϵg (5.1) 

ϵg is a parameter related to the maximum light use efficiency (ϵmax), which represents 

the theoretical maximum light use efficiency that vegetation can attain under stress-free 

or optimal growth conditions (Monteith, 1972, 1977). Multiple environmental factors, 

such as air temperature, water availability (e.g., vapor pressure deficit, soil moisture, 

leaf water content), and atmospheric CO2 concentration, are used to constrain ϵmax, thus 

obtaining the actual light use efficiency (ϵg) under prevailing conditions: 

 ϵg = ϵmax  × f(Environmental factors) (5.2) 

It is important to note that most LUE models do not explicitly account for the 

effect of atmospheric CO2 concentration (ca) on ϵmax. According to the classic FvCB 

biochemical model of photosynthesis, which uses maximum rate of RuBisCo 

carboxylase activity (Vcmax) parameter, increasing ca enhances the CO2 supply within 

leaves (ci) and increases the relative contribution of Rubisco carboxylation compared 

to photorespiration, thereby directly improving photosynthetic efficiency (Ainsworth et 
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al., 2007; Chen et al., 2022; Farquhar et al., 1980). This “direct CO2 effect” is 

theoretically critical (Keenan et al., 2023) and it is independent of the “indirect effect,” 

whereby increasing atmospheric CO2 concentration led to greater leaf area or vegetative 

cover, allowing plants to intercept more photosynthetically active radiation (PAR) 

(Donohue et al., 2013; Keenan et al., 2013). Because most LUE models use leaf area 

index (LAI) or vegetation indices derived from satellite data to estimate light absorption, 

they can partially capture the indirect CO2 effect but lack an explicit representation of 

its direct physiological enhancement. 

Due to the absence of an explicit representation of the direct CO2 effect, current 

LUE models may systematically underestimate the global magnitude of photosynthesis 

(Anav et al., 2015; De Kauwe et al., 2016). Global annual GPP estimates from these 

LUE models are in the range of 120–140 Pg C yr-1 (Beer et al., 2010; Li et al., 2019; 

Running et al., 2004; Yao Zhang et al., 2017). Underestimation of GPP is particularly 

severe in high-productivity regions such as tropical rainforests (Lai et al., 2024; Zhang-

Zheng et al., 2024). Since the CO2 effect often interacts with temperature and radiation 

conditions (Chen et al., 2022; Keenan et al., 2023), failing to incorporate it into LUE 

models explicitly may be closely linked to this pronounced underestimation of GPP. 

In addition to the magnitudes of global annual GPP estimates from these models, a large 

range and considerable uncertainty also persists in interannual variability (IAV) and 

trends of global annual GPP estimates from the LUE models (Anav et al., 2015; Ryu et 

al., 2019). A review of multiple satellite-based GPP products indicates that 

CO2-exclusive LUE models (e.g., MTE and MODIS) show weaker interannual 
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variability and trends than most process-based models (Anav et al., 2015). Recent work 

suggests that rising atmospheric CO2 concentration explains approximately 44% of the 

global GPP increase (Chen et al., 2022), with about 13.5% contributed by direct CO2 

effects (Keenan et al., 2023). This implies that at least one-third of the GPP increase is 

underestimated by current LUE models (Chen et al., 2022). Moreover, different GPP 

products vary substantially in their sensitivities of IAV to atmospheric CO2 

concentration increase (Sun et al., 2019; Walker et al., 2021), yet overall, these 

sensitivities remain underestimated (Anav et al., 2015; Keenan et al., 2023; Kolby 

Smith et al., 2016). Current improvements to LUE models have primarily focused on 

refining model parameters and environmental constraints (L. Pan et al., 2025; Pan, Xiao, 

Pan, et al., 2024), with few studies systematically incorporating CO2 as an independent 

factor (Prentice et al., 2024, Nature Reviews Earth & Environment). 

In this study, we use the new version of Vegetation Photosynthesis Model (VPM 

v4.0), which is built upon a previous version (VPM v3.0) (Meng et al., 2025; L. Pan et 

al., 2025; Pan, Xiao, Pan, et al., 2024) and explicitly incorporate the direct CO2 effect 

based on the FvCB biochemical photosynthetic CO2 assimilation theory (Farquhar et 

al., 1980). The VPM v4.0 explicitly considers (1) light absorption by chlorophyll and 

leaf traits (broad leaf or flat leaf vs needle leaf) and (2) carbon fixation by plant 

functional types (C3 and C4 plants) and the effects of air temperature, water, and 

atmospheric CO2 concentration (see Materials and Methods). Through simulations of 

VPM v4.0 and VPM v3.0, driven by atmospheric CO2 concentration, ERA5-Land 

climate data, and satellite images, we have three specific objectives in this study. First, 
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we assessed the direct effect of atmospheric CO2 concentration on GPP at the scale of 

eddy covariance tower sites by evaluating annual GPP and its IAV and trends from 

VPM v4.0, VPM v3.0 and eddy covariance observations. Second, we calculated global 

annual GPP during 2000-2023 from VPM v4.0 and VPM v3.0 and assessed the direct 

effect of atmospheric CO2 concentration on GPP at the global scale. Third, we 

compared the global annual GPP, IAV and trend as well as their sensitivity to CO2 (𝛽R
GPP) 

between VPM v4.0, VPM v3.0 and other models. This study will report new global 

annual GPP dynamics during 2000-2023 after incorporating the direct CO2 effect into 

LUE models, and the findings could help lay a foundation for improving global GPP 

estimates, which can be used to evaluate terrestrial carbon sink potential under climate 

change scenarios 

5.2 Materials and Methods 

5.2.1 MOD09A1 v6.1 surface reflectance dataset 

MOD09A1 v6.1 is a composite product derived from NASA’s Terra MODIS sensor, 

providing surface reflectance data for seven bands at a 500-meter spatial resolution and 

an 8-day temporal resolution after correcting for atmospheric effects such as gases, 

aerosols, and Rayleigh scattering (Vermote, 2021). We did preprocess of surface 

reflectance by removing observations flagged by quality assurance (QA) as 

contaminated by clouds, snow, or cloud shadows (Frey et al., 2008), applying a blue-

band threshold of 0.2 to filter out residual noise caused by atmospheric scattering 

(Jensen, 2009). In addition, we did temporal consistency check by using a moving 
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window (t−1, t, t+1) to eliminate abrupt reflectance changes inconsistent with normal 

vegetation dynamics (Pan, Xiao, Pan, et al., 2024). Specifically, if the absolute slope 

between the middle and adjacent time steps exceeded 0.15, we deemed the observation 

anomalous and removed it. The Enhanced Vegetation Index (EVI) and the Land Surface 

Water Index (LSWI) were then calculated as inputs to the VPM model, defined 

respectively as: 

EVI = 2.5 ×  
ρ

nir
 – ρ

red

ρ
nir

 + (6 × ρ
red

- 7.5 × ρ
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)+1
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swir

ρ
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 +  ρ
swir
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Where ρ
nir

 , ρ
red

, ρ
blue

, and ρ
swir

 are the surface reflectance bands of near infrared, red, 

blue, and shortwave infrared, respectively. Here, we applied the reference curves and 

linear interpolation to fill gaps in the vegetation index time series (L. Pan et al., 2025; 

Yao Zhang et al., 2017). 

5.2.2 MCD12Q1 v6.1 land cover type dataset 

MCD12Q1 v6.1 provides 500-meter global land cover classification layers starting 

from 2001, generated by machine learning algorithms and time-series smoothing 

techniques (Sulla-Menashe et al., 2018). In this study, we employed the land cover types 

identified by the International Geosphere-Biosphere Programme (IGBP) and focused 

on the following 11 categories: Croplands (CRO), Closed Shrublands (CSH), 

Deciduous Broadleaf Forests (DBF), Evergreen Broadleaf Forests (EBF), Evergreen 

Needleleaf Forests (ENF), Grasslands (GRA), Mixed Forests (MF), Open Shrublands 

(OSH), Savannas (SAV), Permanent Wetlands (WET), and Woody Savannas (WSA). 
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5.2.3 ERA5-Land reanalysis climate dataset 

The ERA5-Land reanalysis climate dataset, developed by the European Centre for 

Medium-Range Weather Forecasts (ECMWF), is specifically designed for land surface 

variables (Muñoz-Sabater et al., 2021; Muñoz Sabater, 2019). It has a 0.1-degree spatial 

resolution and an hourly temporal resolution, allowing for a more refined representation 

of local climate conditions and their short-term fluctuations than ERA5. A previous 

study comparing ground-based climate measurements at 205 global flux towers with 

ERA5-Land data showed strong agreement (L. Pan et al., 2025). In this study, we 

selected air temperature (T) and shortwave radiation (SW) from ERA5-Land as model 

inputs, with SW converted to PAR (W m-2) as follows: 

PAR = SW × rSW_PAR  ×  α (5.5) 

where rSW_PAR  = 0.45 is the ratio of SW to PAR (Ma et al., 2014; Meek et al., 1984; L. 

Pan et al., 2025; Pan, Xiao, Pan, et al., 2024), and α = 4.56 μmol J-1 is the energy-quanta 

conversion factor (Dye, 2004; L. Pan et al., 2025; Pan, Xiao, Pan, et al., 2024).  

In addition, we calculated the vapor pressure deficit (VPD) from air temperature (T) 

and dew point temperature (Td) using: 

VPD=0.6108 × exp (
17.27  × T

T + 237.3
) -0.6108 × exp (

17.27 × Td

Td + 237.3
) (5.6) 

5.2.4 Atmospheric CO2 concentration 

The annual atmospheric CO2 concentration (ca ) data is sourced from the National 

Oceanic and Atmospheric Administration (NOAA). Based on globally averaged marine 

surface measurements from multiple monitoring stations, this dataset captures long-
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term variations in atmospheric CO2 levels. We obtained annual atmospheric CO2 

concentration spanning from 2000 to 2023 from https://doi.org/10.15138/9N0H-ZH07 

(Lan, 2025). 

5.2.5 Global multi-resolution terrain elevation dataset 

The Global Multi-resolution Terrain Elevation Data 2010 (GMTED2010) dataset 

provides globally distributed elevation data at approximately 250-meter spatial 

resolution, compiled from multiple sources (Danielson et al., 2011). The primary data 

source for GMTED2010 is the National Geospatial-Intelligence Agency’s (NGA) 

SRTM Digital Terrain Elevation Data. To extend coverage beyond SRTM’s geographic 

limits and to fill remaining gaps in the SRTM data, additional sources were incorporated, 

including non-SRTM DTED®, Canadian Digital Elevation Data (CDED) at two 

resolutions, Satellite Pour l’Observation de la Terre (SPOT 5) Reference3D, the 

National Elevation Dataset (NED) for the continental United States and Alaska, the 

GEODATA 9-second digital elevation model (DEM) for Australia, as well as satellite 

radar and laser altimeter DEMs for Antarctica and Greenland. 

5.2.6 In-situ climate and carbon flux data from the eddy flux tower sites 

We used in-situ GPP data from eddy covariance (EC) towers to compare predicted GPP 

with VPM estimations. These site data were obtained from AmeriFlux and the 

FLUXNET portals. To evaluate long-term GPP IAV, we selected sites with at least 10 

years of observations (site-year ≥ 10) and high data quality (i.e., >90% high-quality 

observations). Given the spatial distribution of the CO2 fertilization effect, we further 

https://doi.org/10.15138/9N0H-ZH07
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restricted sites to latitudes between 60°N and 60°S. We also compared the IGBP 

ecosystem classifications provided by FLUXNET or AmeriFlux with those from the 

MODIS land cover data product, excluding any sites with mismatched classifications. 

After screening, 59 sites were retained, spanning 11 biome types and totaling 777 site-

years. Detailed IGBP ecosystem classifications and data availability for these sites are 

provided in Figure 5.1. 
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Figure 5.1: Basic information of all sites used in this study. Data availability spans 

from 2000 to 2021, with white and black dots indicating years without and with 
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available data, respectively. A total of 59 sites (777 site-years) were included, 

distributed across biomes as follows: 5 CRO sites (66 site-years), 1 CSH site (11 

site-years), 9 DBF sites (142 site-years), 3 EBF sites (34 site-years), 20 ENF sites 

(266 site-years), 8 GRA sites (102 site-years), 3 MF sites (36 site-years), 4 OSH sites 

(49 site-years), 1 SAV site (15 site-years), 2 WET sites (22 site-years), and 3 WSA 

sites (33 site-years). 

5.2.7 GPP dataset from other models 

We selected and compared multiple global GPP estimates derived from various models. 

These models are grouped by their methods. First, newly proposed methods based on 

OCS offer relatively higher confidence intervals (Lai et al., 2024), complemented by 

oxygen isotope (18O) techniques (Lisa R. Welp et al., 2011b) and soil respiration-based 

estimates (Jian et al., 2022)—each independently tracking ecosystem or isotopic signals 

to derive GPP values. Second, we included a group of Dynamic Global Vegetation 

Models (DGVMs), including 13 DGVMs from the latest Trendy-GCB2024 (v13) 

dataset, which encompass CO2-inclusive scenario (S2) as well as CO2-exclusive 

scenario (S2 − S1 + S0) (Sitch et al., 2015). Third, we selected the PR, BESS, and BEPS 

models, which simulate ecophysiological processes to estimate GPP (Keenan et al., 

2016; Leng et al., 2023; B. Li et al., 2023). Fourth, we selected data-driven remote 

sensing empirical models (e.g., SIF, NIRv), which rely on statistical relationships 

between satellite-derived vegetation indices and ground observations to infer global 

GPP (Badgley et al., 2019; Li et al., 2019). Fifth, we selected a set of simulation results 

(including results from six models) from the machine learning-based upscaling 
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FLUXCOM (RS+METEO), which combines flux tower observations and CRUNCEP 

climate data for GPP estimation (Jung et al., 2019; Tramontana et al., 2016). Sixth, we 

selected LUE models, including the newly developed VPM v4.0 (w/ CO2) in this study, 

alongside VPM v3.0 (w/o CO2), GLASS, EC-LUE, LRF, and MOD17 (Liang et al., 

2021; Tagesson et al., 2021; Zhao et al., 2005; Zheng et al., 2020a). Additional details 

and corresponding citations can be found in Table 5.1 and Table 5.2 

Table 5.1: Basic information and literature of all models used in this study. 

Including the method used (category), averaged global GPP magnitude (PgC yr-1), 

and the year the data was available. 

Model Method Year 

Global 

GPP 

(PgC yr-

1) 

Citation 

VPM v4.0 (w/ CO2) Satellite-based model using 

ϵmax  

2000-2023 155±6 
This study 

VPM v3.0 (w/o CO2) 2000-2023 143±4 

OCS estimated by carbonyl sulfide 2000-2010 157±8.5 (Lai et al., 2024) 

18O estimated by oxygen isotopes 1980-2009 150-175 
(Lisa R. Welp et 

al., 2011a) 

Soil respiration estimated by soil respiration 1980-2022 149-23
+29 (Jian et al., 2022) 

DGVMs ensemble 

 (S2, w/ CO2) 
DGVM model using Vcmax 2000-2023 139±16 

(Sitch et al., 2015) 
DGVMs ensemble 

 (S2-S1+S0, w/o CO2) 
DGVM model using Vcmax 2000-2023 113±18 

GOSIF 
Statistical models using EC and 

RS data 
2001-2023 138±3 (Li et al., 2019) 

NIRv 
Statistical models using EC and 

RS data 
2003-2015 147±16 

(Badgley et al., 

2019) 

PR 
Satellite-based model using 

Vcmax 

1982-2011 133±3 
(Keenan et al., 

2016) 

BESS 1982-2019 125±5 (B. Li et al., 2023) 

BEPS 2001-2020 137±3 (Leng et al., 2023) 

FLUXCOM ensemble 
Statistical models using EC and 

RS data 
2000-2013 124±7 

(Jung et al., 2019; 

Tramontana et al., 

2016) 

GLASS 

Satellite-based model using ϵmax 

1981-2022 127±3 (Liang et al., 2021) 

EC-LUE 1982-2017 106±3 
(Zheng et al., 

2020b) 

LRF 1982-2015 121±4 
(Tagesson et al., 

2021) 

MOD17 2001-2022 101±3 (Zhao et al., 2005) 

Table 5.2: Global GPP estimates for 2001 to 2011 across models. The table is 

calculated based on publicly available products or from literature. The period 
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2001 to 2011 was chosen as the overlap between the models to obtain comparable 

results. 

Model CO2 Year 

Global annual GPP 

Start year  

(2001) 

(PgC yr-

1) 

End year 

(2011) 

(PgC yr-

1) 

Mean 

(PgC yr-

1) 

IAV  

(PgC yr-

1) 

Trend 

(PgC yr-

2) 

VPM v4.0 w/ CO2 

2001-2011 

147  158  151  1.0931 0.8874 

VPM v3.0 w/o CO2 137  145  140  0.9863 0.6358 

DGVMs ensemble 

(S2, w/ CO2) 
w/ CO2 135±16  140±16  136±16 

0.7852±

0.2409 

0.571±

0.1065 

DGVMs ensemble 

(S2-S1+S0, w/o 

CO2) 

w/o CO2 113±17  114±18  112±17  
0.7288±

0.2839 

0.1688±

0.1102 

GOSIF w/o CO2 132  139  135  0.6164 0.6602 

PR w/ CO2 136  140  136  0.9635 0.4090 

BESS w/ CO2 130  132  129  1.2153 0.3583 

BEPS w/ CO2 134  139  135  0.893 0.4591 

FLUXCOM 

ensemble 
w/o CO2 125±8  125±7  125±8  

0.2365±

0.1228 

0.061±

0.0204 

GLASS w/o CO2 132  129  129  0.9345 -0.354 

EC-LUE w/ CO2 110  108  108  0.9136 -0.2484 

LRF w/o CO2 124  128  124  1.2751 0.2735 

MOD17 w/o CO2 94  101  98  1.2055 0.4745 

5.2.8 Biochemical photosynthetic CO2 assimilation theory 

In C3 plants, Rubisco limitation and electron transport limitation are the two dominant 

processes controlling the rate of photosynthesis (Farquhar et al., 1980). However, when 

external light intensities are low to moderate and CO2 concentrations are high, the 

carboxylation capacity of Rubisco is often in relative surplus, making the limitation 

imposed by electron transport (light reactions) the primary bottleneck (Keenan et al., 

2023). Based on this observation, this study employs only the “electron transport-

limited” biochemical expression to characterize gross photosynthetic rate, temporarily 

excluding mitochondrial dark respiration as an optional process. According to the FvCB 

model, the gross photosynthetic rate (Agross) is defined as: 

Agross = Vc − 0.5Vo (5.7) 

Where Vc is the rate of carboxylation and Vo is the rate of oxygenation. This expression 
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reflects that, in the photosynthetic redox cycle, when the enzyme catalyzes the reaction 

of RuBP with one mole of O2, 0.5 mole of CO2 is released. Here, we define Φ = Vo/Vc, 

so that Eq. (5.7) can be rewritten as: 

Agross = Vc(1 - 0.5Φ) (5.8) 

When RuBP regeneration is limited by electron transport, the rate of NADPH supply 

determines the upper limit of carboxylation. In the light reactions, the production of 

1 mol NADPH requires 2 mol electrons; if the electron transport rate is denoted by J 

(mol e⁻ m⁻² s⁻¹), then the rate of NADPH production is: 

NADPH production =  
J

2
(5.9) 

According to the FvCB model, the rate of NADPH consumption is related to the 

production rate of 3-phosphoglycerate (PGA) and the refixation rate of ammonia in the 

photorespiratory cycle. Based on the formulation provided by Farquhar et al. (1980): 

NADPH consumption = (2Vc + 1.5Vo) + 0.5 Vo (5.10) 

Substituting Φ = Vo/Vc into Eq. (5.10) yields: 

NADPH consumption = (2 + 2Φ) ∙ Vc (5.11) 

By equating NADPH production (Eq. (5.9)) and consumption (Eq. (5.11)): 

(2 + 2Φ) ∙ Vc=  
J

2
(5.12) 

Which can be rearranged to yield: 

Vc =
J

4(1 + Φ)
(5.13) 

Substituting Eq. (5.13) into Eq. (5.8) yields: 

Agross =  
J

4(1 + Φ)
(1 - 0.5Φ) (5.14) 

=  
J

4
 
(1 - 0.5Φ)

(1 + Φ)
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Due to oxygenation, the CO2 fixed by carboxylation is partially offset by the CO2 

released during photorespiration. When considering only photorespiratory losses 

(excluding dark respiration), if the leaf-internal CO2 concentration (ci) falls to a critical 

value  Γ∗  (the CO2 compensation point), such that ci  = Γ∗ , then the CO2 fixed via 

carboxylation exactly equals the CO2 released by photorespiration (i.e., Agross  = 0). 

Setting Agross  = 0 in Eq. (5. 14) yields Φ  = 2. As Φ  decreases from 2—indicating 

increased CO2 fixation and reduced photorespiratory CO2 release—the ci 

correspondingly increases from Γ∗ to higher levels. This relationship can be expressed 

as the following fractional mapping: 

(1 - 0.5Φ)

(1 + Φ)
=  

(ci - Γ
∗)

(ci + 2Γ∗)
(5.15) 

Substituting this mapping into Eq. (5.14) links the photosynthetic rate directly to ci: 

Agross =
J

4
 

(ci − Γ∗)

(ci + 2Γ∗)
(5.16) 

Letting ci = χca, where 𝑐𝑎 is the atmospheric CO2 concentration and χ is the ratio of leaf 

internal to external CO2, Eq. (5.16) becomes: 

Agross =
J

4
 

(χca − Γ∗)

(χca + 2Γ∗)
(5.17) 

The CO2 compensation point Γ∗ varies with temperature and can be described by an 

Arrhenius-type function: 

Γ∗(T) = Γ25
∗ exp [

∆H (T-298.15)

298.15RT
] (5.18) 

Where Γ25
∗   = 4.22 Pa is the reference CO2 compensation point at 25 °C. ΔH = 

37.83kJ mol−1 is the activation energy for  Γ∗ . T is the temperature in Kelvin. R = 

8.314 J mol−1 K−1 is the molar gas constant. These parameters were obtained from the 
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literature (Farquhar et al., 1980; Keenan et al., 2023). 

In most current terrestrial ecosystem models, 𝜒 is described as an empirically 

derived parameter; however, it is highly sensitive to environmental conditions. Based 

on the least-cost hypothesis, a theoretical dependence of 𝜒 on air temperature (T), VPD, 

and elevation can be derived, and this dependence can be expressed in a linear form 

(Wang et al., 2017): 

ln [
χ

1 −  χ
] = 0.0545 (T-25) − 0.5 ln VPD − 0.0815z + C (5.19) 

where T and VPD are obtained from the ERA5-Land reanalysis climate dataset, z is the 

elevation derived from GMTED2010, and C=1.189 (Wang et al., 2017).  

The equations derived above establish the relationship between gross 

photosynthetic rate and CO2 concentration, thereby providing a framework for 

calculating gross photosynthesis under different years or scenarios. 

5.2.9 Incorporating direct effect of CO2 on GPP into the VPM Model 

VPM (VPM v3.0) is a typical LUE model, and its general formulations are as follows: 

GPPVPM-v3 =  PAR ×  FPARchl  × ε0  × f(T) × f(W) (5.20) 

FPARchl = {
a + 𝛾E × b × EVI, if needleleaf 

a + b × EVI, if broadleaf 
(5.21) 

f(T) =
(T − Tmax) ×  (T − Tmin)

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

(5.22) 

f(W) =
1 + LSWI

1 + LSWImax

(5.23) 

Where PAR is photosynthetically active radiation (W m-2). FPARchl is calculated as a 

linear function across all land cover types, with the coefficients a and b set to –0.1 and 

1.0, respectively, and 𝛾E = 1.25 representing the ratio between the annular area and the 
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area of concentric circles (L. Pan et al., 2025). The apparent quantum yield or maximum 

light use efficiency, ε0 is set at 0.53 (g C mol-1 PAR) for C3 plants and 0.79 (gC mol-1 

PAR) for C4 plants (Xiao, 2006). The temperatures Tmax, Tmin, and Topt are the maximum, 

minimum, and optimum temperatures for photosynthetic activity, where Tmax and Tmin 

were obtained from a look-up table, and Topt was obtained from a global site-specific 

Topt dataset (Pan, Xiao, Yao, et al., 2024). EVI and LSWI were calculated from 

MOD09A1 multispectral surface reflectance data. 

Previous studies have demonstrated that the sensitivity of ecosystem-scale GPP to 

CO2 is consistent with the sensitivity of electron transport-limited gross photosynthetic 

rate (Agross) (Baig et al., 2015; Keenan et al., 2023). Hence, the influence of CO2 on 

photosynthetic rate can be incorporated into the VPM as an additional environmental 

factor. VPM v4.0 estimates GPP as:  

GPPVPM-v4 =  PAR ×  FPARchl  × ε0  × f(T) × f(W) × f(CO2) (5.24) 

Note that f(CO2)  is applied only to C3 plant. f(CO2)  can be estimated through the 

following steps. To highlight that this gain is “additional” or relative to pre-industrial 

levels, we establish a baseline assumption: pre-industrial atmospheric CO2 

concentrations were maintained at a relatively stable, low value. As atmospheric CO2 

concentrations increased over time, the model compares simulation results between two 

CO2 scenarios (or different observation years) to quantify the additional carbon fixed 

at the biochemical level in the leaves. Thus, f(CO2)  is quantified as a relative gain 

compared to the pre-industrial era: 
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f(CO2) =  
Agross

t

Agross
baseline

(5.25) 

In this study, we estimate the pre-industrial baseline (Agross
baseline) using an atmospheric 

CO2 concentration of 278 ppm (ca = 278 ppm) and climate data from 1951 to 1960 

(Friedlingstein et al., 2024). Then, for each year from 2000 to 2023, we estimate Agross
t  

using the corresponding CO2 concentration and climate data. Finally, f(CO2)  is 

calculated as the ratio of Agross
t   to Agross

baseline. Our results indicate that, from a global 

perspective, regions with higher f(CO2) values are predominantly located in the low-

latitude tropics and subtropics (Figure. 5.2a, b, c). Moreover, the long-term trend shows 

a significant increase in f(CO2) in these regions, suggesting that the CO2 effect is most 

pronounced in tropical and subtropical regions and diminishes with increasing latitude 

(Figure. 5.2d). 
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Figure 5.2: Spatial distribution of f(CO2) and its long-term trend from 2000 to 

2023. f(CO2) is estimated annually from 2000 to 2023. (a) shows the distribution of 

f(CO2) in the year 2000, (b) shows that of 2023, (c) shows the multi-year average, 
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and (d) shows the long-term trend. In (d), only pixels with statistically significant 

trends (p < 0.01***, as determined by the Mann–Kendall test) are shown, and the 

magnitude of the trend is represented by the Sen slope. 

5.2.10 Statistical analysis 

At the site scale, we compared GPP estimates from the VPM with eddy flux tower 

observations. The comparison focused on two aspects: GPP IAV and the annual total 

GPP magnitude. For GPP IAV, we calculated the mean IAV for each site over all 

available years for three data sources (EC tower, VPM v4.0, and VPM v3.0). We 

computed the slope of the linear trend to assess differences among these sources. For 

the annual total GPP magnitude, annual GPP was aggregated, and simple linear 

regression was used to compare GPP from VPM v4.0, VPM v3.0, and EC tower. 

Evaluation metrics included the zero-intercept slope, the coefficient of determination 

(R2), and the relative root-mean-square error (rRMSE).  

Subsequently, we estimated the global total GPP from VPM v4.0 and VPM v3.0 

for the period 2000–2023 and analyzed their respective linear trends as well as the 

differences between them. In addition, we compared the GPP from VPM models with 

other global GPP models, with a primary focus on global total GPP and the sensitivity 

of GPP to CO2. Global total GPP and their uncertainties for the other models were 

obtained from published literature and data products. A propagation of uncertainty 

method to calculate the standard deviation (σ) for each category of GPP models: 

σ = √
∑ 𝜎𝑖

2𝑛
𝑖  

𝑛
(5.26) 
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For the DGVMs, we selected three scenarios (S0, S1, S2, S3): the baseline scenario 

(S0), the scenario considering only CO2 effects (S1), and the scenario considering both 

climate and CO2 effects (S2). The global GPP estimate without CO2 effects was then 

derived as S2−S1+S0, while S2 was used directly to represent the global GPP estimate 

with CO₂ effects.  

We computed the interannual change rates (Δ, %) for atmospheric CO₂ 

concentration (ca) and GPP for the period 2000 to 2023 as follows: 

∆ca =
ca(t) − ca(t0)

ca(t0)
 ×  100% (5.27) 

∆GPP =
GPP(t) −  GPP(t0)

GPP(t0)
×  100% (5.28) 

where GPP(t) and ca(t) are the GPP (in Pg C) and atmospheric CO2 concentration (in 

ppm) in year t, respectively, and GPP(t0) and ca(t0) are the GPP and atmospheric CO2 

concentration in the baseline year 2000. To mitigate the influence of anomalies on GPP 

interannual variability, we reconstructed the GPP time series via linear regression fitting 

of GPP(t) following methods used in previous studies (Keenan et al., 2023). Finally, the 

sensitivity coefficient of GPP to ca (𝛽R
GPP) was calculated for VPM v4.0, VPM v3.0, 

and the DGVMs, and the results were compared with relevant literature: 

β
R

GPP =
∆GPP

∆ca

(5.29) 

5.3 Results 

5.3.1 Direct effect of CO2 on GPP at the EC tower sites 

At the site scale, we compared GPPEC from 59 EC tower sites with GPP from VPM 

v4.0 (w/ CO2) and VPM v3.0 (w/o CO2) over 777 site-years (Figure 5.3). The 
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comparison focused on annual GPP and its interannual variability (IAV) and trend. 

Annual GPP from the EC tower sites shows an increasing GPP trend from 2000 to 2023 

with a rate of 6.0 gC m-2 yr-2 (Figure 5.3a). Annual GPP from VPM v4.0 also shows an 

increasing GPP trend over the years with a rate of 5.3 gC m-2 yr-2, which is slightly 

(12%) lower than that from the EC tower sites. Annual GPP from VPM v3.0 did have 

an increasing trend but with much smaller rate of 3.8 gC m-2 yr-2.  The sites that have a 

higher f(CO2) also exhibit larger GPP IAV, and the sensitivity of GPP IAV to f(CO2) in 

VPM v4.0 is closer to that from the EC tower sites than VPM v3.0 (Figure 5.4). These 

results suggest that incorporating f(CO2) into the VPM v4.0 model enhances its ability 

to capture IAV and trend of annual GPP at EC tower sites accurately. This improved 

tracking of GPP IAV by VPM v4.0 is evident across most biomes, including CRO, CSH, 

EBF, ENF, GRA, MF, and WSA (Figure 5.5). 

 

Figure 5.3: Comparison of GPP estimates from EC tower measurements and the 
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VPM model (VPM v4.0 and VPM v3.0). (a) compares the GPP IAV, where IAV was 

calculated as the deviation of each year’s GPP from the multi-year average. Each 

point in the time series represents the mean GPP IAV across all site-years, with the 

number annotated on each point indicating the total number of site-years for that 

year. The grey buffer represents the GPP range derived using covariance 

techniques from both nighttime- and daytime-partitioning methods. (b) and (c) 

compare the annual GPP magnitude, with (b) showing the relationship between 

GPP from VPM v4.0 and EC tower, and (c) showing the relationship between GPP 

from VPM v3.0 and EC tower. The annual GPP magnitude was calculated as the 

total GPP over a year, and these comparisons are conducted using simple linear 

regression. 

 

Figure 5.4: Relationship between the GPP IAV trend and f(CO2). The GPP IAV 

trend is estimated as the slope of a linear regression fitted to the GPP IAV time 

series at each EC tower site, with a higher trend indicating greater GPP IAV. f(CO2) 
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is a dimensionless parameter representing the magnitude of the direct CO2 effect 

at each site. 

 

Figure 5.5: Comparison of GPP IAV from EC tower measurements and the VPM 

model (VPM v4.0 and VPM v3.0) across all biomes. IAV was calculated as the 

deviation of each year’s GPP from the multi-year average. Each point in the time 

series represents the mean GPP IAV across all site-years. 

With regards to annual GPP, a linear regression analysis (without an intercept) 

between VPM v4.0 estimates and EC tower observations yielded a slope of 0.99 (R2 = 

0.67, rRMSE = 33.07%) (Figure 5.3b), whereas the regression for VPM v3.0 resulted 

in a slope of 0.90 (R2 = 0.67, rRMSE = 34.51%) (Figure 5.3c). The closer-to-unity (1:1 

line) slope for VPM v4.0 indicates that It does not underestimate GPP at the site scale 

after we incorporate the direct effect of atmospheric CO2 concentration on GPP. This 

improvement of VPM v4.0 over VPM v3.0 is also observed in biomes such as EBF, 

ENF, SAV, and CRO (Figure 5.6). 
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Figure 5.6: Comparison of annual GPP estimates across sites by biomes. Red dots 

show the relationship between GPP from VPM v3.0 and EC tower, and gray dots 

show the relationship between GPP from VPM v3.0 and EC tower. 

5.3.2 Direct effect of CO2 on GPP at the glob scale from 2000 to 2023 

Global annual GPP estimates during 2000–2023 from VPM v4.0 (w/ CO2) range from 

145 Pg C yr-1 in 2000 to 166 Pg C yr-1 in 2023, with an average estimate of 155 ± 6 Pg 

C yr-1 and an annual increase rate of 0.78 Pg C yr-2 (Figure 5.7a).  Global annual GPP 

estimates from VPM v3.0 (w/o CO2) range from 135 Pg C yr-1 in 2000 to 151 Pg C yr-

1 in 2023, with an average estimate of 143 ± 4 Pg C yr-1 and an annual increase rate of 

0.57 Pg C yr-2 (Figure 5.7a). On average, the direct CO2 effect results in an increase of 

mean global annual GPP (12 Pg C yr-1; ~9%). The spatial differences between these 

two GPP data products are most pronounced in the tropical and subtropical regions 

(Figure 5.7 c, d), where vegetation is dominated by evergreen broadleaf forest (EBF), 



156 

 

grassland (GRA), woody savanna (WSA), savanna (SAV) and cropland (CRO) (Figure 

5.8, Figure 5.9). Mid-to-high latitude regions are dominated by deciduous broadleaf 

forest (DBF), evergreen needleleaf forest (ENF), mixed forest (MF), and open 

shrubland (OSH) exhibit relatively smaller differences (Figure 5.8, Figure 5.9). At the 

scale of biomes (Figure 5.10), the largest difference between these models occurred in 

EBF, where mean annual GPP from VPM v4.0 was 38.46 Pg C yr-1, approximately 

~3.19 Pg C yr-1 (~9%) higher than the estimate from VPM v3.0 (35.26 Pg C yr-1). 

Biomes such as GRA, SAV, CRO, and WSA also exhibit varying degrees of GPP 

increase in VPM-v4. In contrast, DBF, ENF, MF, and OSH show small differences 

between VPM v4.0 (w/ CO2) and VPM v3.0 (w/o CO2). 

 

Figure 5.7: Comparison of global GPP estimates from VPM v4.0 and VPM v3.0. 
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(a) shows the global GPP estimated by VPM v4.0 and VPM v3.0 from 2000 to 2023, 

where the difference (diff) is calculated as the difference between VPM v4.0 and 

VPM v3.0. (b) shows the spatial distribution of the annual GPP magnitude 

estimated by VPM v4.0, while (c) shows the spatial distribution of the diff in 

annual GPP magnitude between VPM v4.0 and VPM v3.0. (d) shows the 

latitudinal gradient of the diff, with the curve representing the average of all pixels 

within each 2°. Data analysis was carried out at a 500-meter spatial resolution and 

visualized at a 1° spatial resolution. 

 

Figure 5.8: The spatial distribution of the diff in annual GPP magnitude between 

VPM v4.0 and VPM v3.0 across all biomes. Data was visualized at a 1° spatial 

resolution.  
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Figure 5.9: The latitudinal gradient of the diff (VPM v4.0 – VPM v3.0) across all 

biomes. The curve represents the average of all pixels within each 2°. 
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Figure 5.10: The magnitude of global annual GPP across all biomes. 

5.3.3 Comparison of global annual GPP from VPM and other GPP models 

We compared the global annual GPP estimates from the VPM model with those from 

other models in terms of annual GPP magnitude and interannual trends. The models in 

the comparison are grouped into four categories: (1) DGVMs, including 13 models that 

run simulations with CO2 or without CO2, (2) satellite-based models using Vcmax 

parameter for CO2 fixation , including BESS, BESP, and PR; (3) satellite-based model 

using ϵmax parameter for CO2 fixation with CO2 effect or without CO2 effect, including 

VPM (v4.0, v3.0), MOD17, LRF, EC-LUE, and GLASS, and (4) statistical models 

trained with EC data and satellite data (FPAR, NIRv and SIF), including FLUXCOM, 

NIRv, and GOSIF models. 

As shown in Figure 5.11a, the mean global annual GPP estimate during 2000-2023 

from VPM v4.0 (155 ± 6 Pg C yr-1) is very close to the estimate from the OCS method 

(157 ± 8.5 Pg C yr-1, 2000-2010) (Lai et al., 2024), and falls within the range of 150–

175 Pg C yr-1 from 18O methods (Lisa R. Welp et al., 2011b), and slightly exceeds the 

149 Pg C yr-1 from soil respiration (Jian et al., 2022). A latitudinal profile comparison 

of annual GPP from VPM with that from the OCS method reveals a high degree of 

consistency along the latitude gradient (Figure 5.11b). In tropical regions, annual GPP 

from VPM v3.0 is smaller than that from the OCS method, whereas annual GPP from 

VPM v4.0 is closer to that from the OCS method. VPM v4.0 GPP magnitude closely 

matches that from the OCS method between 0° and 10°S latitudinal zone. Note that 

annual GPP from VPM v4.0 is slightly higher than that from the OCS method between 
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10°S and 20°S latitudinal zone, where vegetation in Africa is dominated by C4 grasses. 

Our VPM v4.0 model simulations employed an updated and detailed C4 vegetation 

distribution map (see Materials and Method section for more details), note that C4 plants 

have higher maximum light use efficiency parameter value than C3 plants. 

Mean global annual GPP estimates from various models are compared (Figure 

5.11, Figure 5.12, Table. 5.1). Mean global annual GPP from three satellite-based 

models using Vcmax parameter (PR, BESS, and BEPS) was 132 ± 6 Pg C yr-1 (Figure 

5.12 a). Mean global annual GPP from four satellite-based models using ϵmax (MOD17, 

LRF, EC-LUE, and GLASS) is 114 ± 12 Pg C yr-1, ranging from 98 to 130 Pg C yr-1. 

Mean global annual GPP from three statistical models (FLUXCOM, NIRv, GOSIF) 

vary from 124 ± 7 Pg C yr-1 (FLUXCOM) to 135 ± 9 Pg C yr-1 (NIRv) and 147 ± 16 

Pg C yr-1 (GOSIF), respectively. Mean global annual GPP from 13 models in the CO2-

inclusive DGVMs ensemble varied substantially, and four of them (CLM5.0, iMAPLE, 

LPJml, and LPJwsl) have comparable annual GPP with VPM v4.0 (Figure 5.12b). It is 

clear that most of the models without CO2 effect have lower annual GPP than the 

models with CO2 effect and are noticeably lower than the global GPP estimates from 

the OCS method. 

Interannual variability (IAV) and trend of global annual GPP from various models 

are compared (Figure 5.13, Figure 5.14, Table 5.2, Table 5.3). The global annual GPP 

from 2000 to 2023 from these models have substantial differences in both IAV and trend 

over years. We conducted two sets of comparisons to evaluate interannual trend of 

global annual GPP, based on the data availability among the models. The first 
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comparison covers the period from 2001 to 2011, during which period data from all 

selected models were available (Figure 5.11c, e, Table 5.2). The CO2-inclusive DGVMs 

ensemble has an interannual trend of 0.57 Pg C yr-2. The CO2-exclusive DGVM 

ensemble has a small trend of 0.17 Pg C yr-2. The satellite-based models using Vcmax 

paramter (PR, BESS and BEPS) have moderate trends of 0.36 to 0.46 Pg C yr-2. The 

satellite-based models using ϵmax parameter have a wide range of trends (Pg C yr-2), 

varying from 0.89 (VPM v4.0) to 0.64 (VPM v3.0), 0.47 (MOD17), 0.27 (LRF), -0.25 

(EC-LUE) and -0.35 (GLASS). The statistical models (FLUXCOM and GOSIF) also 

have a large range of trends (Pg C yr-2), varying from 0.06 (FLUXCOM) to 0.66 

(GOSIF). The second comparison covers the period of 2000-2023 (Figure 5.15, Table 

5.3). VPM v4.0 (w/ CO2) had the largest trend (0.78 Pg C yr-2), followed by VPM v3.0 

(w/o CO2, 0.57 Pg C yr-2), the CO2-inclusive DGVM ensemble (0.43 Pg C yr-2) and the 

CO2-exclusive DGVM ensemble (0.03 Pg C yr-2). The interannual trends of global 

annual GPP from VPM simulations are consistently larger than those from DGVMs. 

Among the 13 DVGM models, CO2-inclusive simulations have large (0.64 Pg C yr-2 in 

iMAPLE) to moderate (0.28 Pg C yr-2 in CLASSIC) increasing trend of global annual 

GPP, while CO2-exclusive simulations have interannual trends of global annual GPP 

from small (0.18 Pg C yr-2 in LPJm1) increase to a loss (-0.04 Pg C yr-2 in CABLE-

POP). 
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Figure 5.11: Intercomparison of GPP estimates from multiple models. (a) Global 

GPP and its ranges are presented for all models and grouped by category. VPM 

v4.0 and VPM v3.0 are the estimates from this study, while estimates for other 

models are derived from historical literature or published datasets, and detailed 

estimates for each model can be found in Figure 5.12. The range for each category 

is calculated across all models within that category using the propagation of 

uncertainty method. (b) The latitudinal distribution of GPP is shown for VPM v4.0, 

VPM v3.0, and the OCS method, with curves estimated as the average of all pixels 

within each 2°. (c), (d) and (e) show the interannual trends (Pg C yr-2) in the 

selected models from 2001 to 2011. These models were selected because the data 

provided by these models overlap during 2001-2011. (c) is the trend of all models, 
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(d) and (e) are two estimates (CO2-inclusive, CO2-exclusive) of the 13 models in 

DGVMs ensemble, respectively. 

 

Figure 5.12: Global annual GPP magnitude across all models. (a) shows the annual 
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GPP magnitude for all models grouped by category. (b) shows the annual GPP 

magnitude for the 13 CO2-inclusive and CO2-exclusive DGVMs. 

 

Figure 5.13: Global annual GPP from 2000 to 2023 across all models. This figure 

selected models for which data were publicly available or accessible from 

published literature. (a) Global annual GPP from 2000 to 2023. (b) Interannual 

variability (IAV) of global GPP over the same period, calculated as the anomaly of 

each year's GPP from the multi-year mean. The shaded areas represent the ranges 

of different model ensembles: CO2-inclusive DGVMs ensemble (w/ CO2), CO2-

exclusive DGVMs ensemble (w/o CO2), and the FLUXCOM ensemble. 
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Figure 5.14: Global annual GPP from 2000 to 2023 across all DGVMs under two 

scenarios: S2 (w/ CO2) and S2-S1+S0 (w/o CO2).  
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Figure 5.15: Global annual GPP trends across all models. Here, we conducted two 

sets of comparisons based on the years of data availability for different models. 

The first row is a comparison from 2001 to 2011, where (a) is the trend of all the 

models involved in this comparison, and (b) and (c) are the 13 CO2-inclusive and 

13 CO2-exclusive DGVMs, respectively. The second row is a comparison from 2000 

to 2023, where (d) is the trend of VPM v4.0, VPM v3.0, and DGVMs, and (e) and 

(f) are the 13 CO2-inclusive and 13 CO2-exclusive DGVMs, respectively. 

Table 5.3: Global GPP estimates for 2000 to 2023 across VPM and DGVMs. The 

table is calculated based on publicly available products or from literature. 
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Model CO2 Year 

Global annual GPP 

Start 

year  

(2001) 

(PgC yr-

1) 

End 

year 

(2011) 

(PgC yr-

1) 

Mean 

(PgC yr-

1) 

IAV  

(PgC yr-

1) 

Trend 

(PgC 

yr-2) 

VPM v4.0 w/ CO2 

2000-

2023 

145  166  155  1.1826 0.7828 

VPM v3.0 w/o CO2 135  151  143  1.1521 0.5658 

DGVMs ensemble 

(S2, w/ CO2) 

w/ CO2 

136±16 144±16 139±16 

1.1033

±

1.1829 

0.4342

±

0.0951 

CABLE-POP 119  127  122  0.9631 0.435 

CLASSIC 134  137  134  1.1891 0.2804 

CLM5.0 159  168  163  0.974 0.4818 

ED 110  120  115  0.9077 0.5358 

iMAPLE 154  167  159  0.8855 0.6367 

ISBA-CTRIP 128  135  130  1.0595 0.415 

JSBACH 132  142  137  1.528 0.5294 

LPJml 164  170  166  1.013 0.3433 

LPjwsl 147  155  150  1.3149 0.3918 

LPX 131  137  132  1.2472 0.3731 

PCN 139  147  142  1.1875 0.4545 

VISIT 124  132  126  1.0462 0.4067 

VISIT-UT 125  132  128  1.0242 0.3516 

DGVMs ensemble 

(S2-S1+S0, w/o 

CO2) 

w/o CO2 

114±17 113±19 113±18 

1.0829

±

0.2234 

0.0289

±

0.0722 

CABLE-POP 94  91  92  0.9834 -0.0429 

CLASSIC 119  117  117  1.1205 0.0324 

CLM5.0 133  130  131  0.9839 -0.0027 

ED 79  73  77  0.9482 -0.1239 

iMAPLE 121  118  119  1.7816 -0.0357 

ISBA-CTRIP 107  105  105  1.0105 0.0118 

JSBACH 109  109  108  1.6519 0.0828 

LPJml 148  150  148  0.994 0.1769 

LPjwsl 128  128  127  1.3601 0.0294 

LPX 115  114  113  1.2215 0.0766 

PCN 118  117  117  1.1164 0.0669 

VISIT 104  103  102  0.9807 0.0214 

VISIT-UT 110  110  109  0.9253 0.0426 

5.3.4 Comparison of GPP sensitivity to increased CO2 concentration 

We compared the sensitivity of global annual GPP during 2000-2023 from VPM and 

DGVMs to the increase of atmospheric CO2 concentration (ca) (Figure 5.16a). Global 

annual GPP from VPM v4.0 (slope = 0.90, R2 = 0.95, p < 0.01), the CO2-inclusive 

DGVM ensemble (slope = 0.53, R2 = 0.93, p < 0.01), and VPM v3.0 (slope = 0.70, R2 
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= 0.92, p < 0.01) significantly increase with rising ca. As anticipated, global annual GPP 

from the CO2-exclusive DGVM ensemble had little to no changes with rising ca (slope 

= 0.04, R2 = 0.05, p = 0.31). We further calculated a dimensionless coefficient, 𝛽R
GPP, to 

represent the sensitivity of GPP to historical changes in ca during 2000-2023 (Figure 

5.16 b, Table 5.4). Our method for calculating 𝛽R
GPP is based on previous literature and 

is anticipated to yield a metric that can be directly compared with other studies (Keenan 

et al., 2023). The 𝛽R
GPP is 0.59 ± 0.16 for the CO2-inclusive DGVMs and 0.03 ± 0.03 

for the CO2-exclusive DGVM (Figure 5.16b, Figure 5.17). The 𝛽R
GPP is 0.97 ± 0.07 for 

VPM v4.0 and 0.76 ± 0.05 for VPM v3.0, respectively (Figure 5.16b). In both DGVMs 

and VPM v4.0, explicitly including CO2 markedly enhances the sensitivity of GPP to 

ca  changes. At the scale of biome, after incorporating the CO2 into VPM v4.0, the 

sensitivity of annual GPP to ca increases across all biomes, with the largest increases in 

EBF (Figure 5.18). The 𝛽R
GPP values are large for EBF, moderate for CRO, CSH, SAV, 

and WSA, and small for CSH, OSH, and WET. 

 

Figure 5.16: Sensitivity of GPP to atmospheric CO2 concentration (ca). (a) 

compares the changes in GPP (ΔGPP) against changes in atmospheric CO2 

concentration (Δca) using data from both the VPM models (VPM v4.0 and VPM 
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v3.0) and a DGVM ensemble (CO2-inclusive, CO2-exclusive). These two sets of 

models—yielding four estimates in total—were chosen because they provide 

continuous global GPP estimates from 2000 to 2023. Slope, R2, and significance (p) 

are calculated from simple linear regression. (b) shows the magnitude and range 

of the sensitivity coefficient (𝜷R
GPP) for these four estimates. 

 

Figure 5.17: The sensitivity of GPP to ca for the 13 CO2-inclusive and 13 CO2-

exclusive DGVMs. 
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Figure 5.18: The sensitivity of GPP to ca for the VPM (VPM v4.0, VPM v3.0) across 

all biomes. 

Table 5.4: Magnitude of sensitivity of GPP to ca in VPM (VPM v4.0, VPM v3.0) 

and DGVMs (w/ CO2, w/o CO2). The number in this table corresponds to Figure 

5.16 in the main text. 
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Model CO2 Year 𝛽𝑅
GPP 

VPM v4.0 w/ CO2 

2000-2023 

0.97±0.07 

VPM v3.0 w/o CO2 0.76±0.05 

DGVMs ensemble  

(S2, w/ CO2) 

w/ CO2 

0.59±0.16 

CABLE-POP 0.68±0.05 

CLASSIC 0.39±0.03 

CLM5.0 0.56±0.04 

ED 0.90±0.06 

iMAPLE 0.76±0.05 

ISBA-CTRIP 0.60±0.04 

JSBACH 0.73±0.05 

LPJml 0.39±0.03 

LPjwsl 0.49±0.04 

LPX 0.53±0.03 

PCN 0.60±0.04 

VISIT 0.61±0.04 

VISIT-UT 0.52±0.04 

DGVMs ensemble  

(S2-S1+S0, w/o CO2) 

w/o CO2 

0.03±0.03 

CABLE-POP -0.08±0.01 

CLASSIC 0.05±0.00 

CLM5.0 -0.00±0.00 

ED -0.29±0.02 

iMAPLE -0.05±0.00 

ISBA-CTRIP 0.02±0.00 

JSBACH 0.12±0.01 

LPJml 0.22±0.02 

LPjwsl 0.04±0.00 

LPX 0.12±0.01 

PCN 0.10±0.01 

VISIT 0.04±0.00 

VISIT-UT 0.07±0.01 

5.4 Discussions 

5.4.1 Global annual GPP estimates 

The effects of increased atmospheric CO2 concentration on plants are well recognized 

but are very difficult to be quantified, as it has direct effects (e.g., photosynthesis and 

evapotranspiration) and indirect effects (e.g., leaf traits, leaf area index, water) (Keenan 

et al., 2023). An increase of leaf area index (LAI) due to rising CO2 is often considered 

as one of indirect CO2 effects, which leads to more light absorption and increased GPP 

(Donohue et al., 2013; Keenan et al., 2013). Most satellite-based models used LAI and 



172 

 

vegetation indices (e.g., NDVI, EVI), which is related to LAI, to estimate the fraction 

of light absorbed by canopy, thus partially accounting for the indirect CO2 effect. This 

is evidenced by the fact that on average, those models using remote sensing data (VPM 

v3.0, GOSIF) have noticeably larger global annual GPP estimates and interannual 

variability and trends than those from the CO2-exclusive DVGM models (112 ± 17 Pg 

C;). It is also clear that solely incorporating the indirect CO2 effects is not sufficient for 

accurate GPP estimation (Anav et al., 2015; Ryu et al., 2019). Estimates from the 13 

DGVM models: the average global GPP under CO2-inclusive scenarios is 140 ± 11 Pg 

C yr-1, which is approximately 28 Pg C y-1 (25%) larger than average global GPP under 

CO2-exclusive scenarios (112 ± 17 Pg C yr-1). Therefore, it is imperative to incorporate 

direct CO2 effects into those satellite-based models using light use efficiency (ϵ
max

) in 

CO2 fixation (Prentice et al., 2024). 

In this study, we introduced an environmental factor, f(CO2), to represent the direct 

CO2 effect in VPM v4.0. The spatio-temporal distribution of f(CO2) reveals that the 

CO2 direct effect follows a clear spatial pattern, smaller in high latitude but larger in 

high-productivity tropical and subtropical regions. This distribution pattern is primarily 

attributable to dynamic representation of 𝜒 (ci/ca), which integrates the influences of ca, 

air temperature, vapor pressure deficit, and elevation (Wang et al., 2017). Previous 

studies have shown that warm and humid regions typically exhibit a marked CO2 effect 

(Piao et al., 2020). According to the least-cost hypothesis, when air temperatures are 

relatively high and water supply is adequate (i.e., when VPD is low), plants can afford 

to increase or maintain an optimal stomatal aperture (Medlyn et al., 2011; Prentice et 
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al., 2014), thereby sustaining higher ci  as ca  rises (Ainsworth et al., 2007). This 

enhances the relative advantage of carboxylation over photorespiration, leading to a 

more pronounced net carbon fixation (Ainsworth et al., 2007; Farquhar et al., 1980). 

Conversely, under conditions of low temperature or significant drought stress, increases 

in ca do not translate into comparable increments in ci (Chaves et al., 2009; Sage et al., 

2007). These phenomena have been confirmed by multiple ground-based observational 

studies (Ainsworth et al., 2007; Collatz et al., 1991; Farquhar et al., 1982; Piao et al., 

2013; Sun et al., 2019; Wang et al., 2017), and help explain the particularly strong direct 

CO2 effects observed in rainforests, grasslands, and savanna ecosystems in the tropical 

and subtropical regions. Altogether, these results underscore the substantial and non-

negligible influence of the direct CO2 effect on photosynthesis at the global scale. 

In addition to explicitly modeling both direct and indirect effects of CO2, VPM 

v4.0 also inherits critical improvement on several environmental and biological factors 

in VPM v3.0 (L. Pan et al., 2025). The VPM v3.0 considers (1) leaf traits (broadleaf vs. 

needleleaf) on light absorption by chlorophyll (Pan et al. 2025, AFM), (2) plant function 

types (C3 and C4 photosynthesis payways) on maximum light use effleciency (LUEmax, 

ϵmax ) (L. Pan et al., 2025; Yao Zhang et al., 2017), (3) site-specific optimum air 

temperature parameter (Topt-site) on LUEmax (Chang et al., 2021a; Meng et al., 2025; L. 

Pan et al., 2025; Pan, Xiao, Pan, et al., 2024), and (4) site-specific water scalar on 

LUEmax under dry and normal conditions (Meng et al., 2025; L. Pan et al., 2025). In 

comparison to those LUE models that use biome-specific optimum temperature 

parameters (Topt-biome) for photosynthesis, these site-specific parameters have 
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substantially improved GPP estimates from individual sites to the global level (L. Pan 

et al., 2025).  

VPM v4.0 incorporates the direct CO2 effect and uses satellite images as input data, 

representing a major improvement in diagnostic and data-driven TBMs. We selected 

OCS-derived GPP as a reference because previous research reported that OCS flux-

based GPP correlates well with flux tower observations in tropical regions (e.g., eastern 

Amazonia), providing a relatively robust estimate of tropical GPP (Lai et al., 2024). 

This consistency highlights the considerable improvement in tropical GPP estimations 

achieved by VPM v4.0. Given the critical role of tropical rainforests in the global 

carbon cycle and the widespread underestimation of GPP in these regions by most LUE 

models (L. Pan et al., 2025; Running et al., 2004; Yao Zhang et al., 2017; Zheng et al., 

2020b), this improvement is particularly important. VPM v4.0 emerges as a relatively 

robust tool for GPP estimation, offering a more reliable foundation and global GPP data 

product for subsequent research. Further work should integrate other factors such as 

soil nutrient availability, extreme climatic events, and community ecological processes 

(Chaves et al., 2009; Norby et al., 2016), which may yield a more comprehensive 

understanding and quantification of the spatiotemporal variability and underlying 

uncertainties of global GPP. 

5.4.2 Interannual variability and trend of global annual GPP 

Many studies have investigated interannual variation and trends of LAI and vegetation 

greenness (as measured by NDVI or EVI), using time series AVHRR data during 1982-

2009 (Zhu et al., 2016) and MODIS data since 2000 (Chen et al., 2019; Gui et al., 2025; 
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Li et al., 2024). The NDVI anomaly analysis showed continuous increase of NDVI 

during 2000-2023 in the global land surface (Gui et al., 2025).One publication 

compared global annual GPP in 1990-2009 from (1) statistical models using flux tower 

data, FPAR, and climate data, (2) satellite-based models, and (3) DGVMs, and reported 

a large range of IAV, varying from 0.8 Pg C yr-1 in MOD17 to 4.4 Pg C yr-1 in JULES,  

and a large range of trend, varying from 0.005 Pg C yr-2 in MOD17 to 0.62 Pg C yr-2 in 

JULES (Anav et al., 2015). In comparison to the DGVMs, most satellite-based models 

have smaller interannual variability and trends, primarily because they do not explicitly 

incorporate CO2 (Anav et al., 2015; Piao et al., 2013). 

The interannual variability and trends of global annual GPP are affected by many 

factors, including increased atmospheric CO2 concentration, climate change (rainfall, 

air temperature, PAR, VPD, soil moisture), land use change, and disturbances (fire, 

insect outbreak) (Beer et al., 2010; Keenan et al., 2016; Kurz et al., 2008; Zhu et al., 

2016). Time series GPP data from the EC tower sites were used to evaluate the satellite-

based GPP products, including temporal agreement of IAV and trends between them 

(Pan, Xiao, Pan, et al., 2024; Schaefer et al., 2012).  In this study, our comparisons 

among the models show large ranges of IAV and trend of global annual GPP during 

2000–2023 (Table 5.2, Table 5.3). The IAV and trend of global annual GPP differ during 

2001-2011 among the four groups of models (DGVMs, satellite-based models using 

Vcmax, satellite-based models using ϵmax, statistical models) (Table 5.2). Although they 

do not explicitly incorporate CO2, VPM v3.0, GOSIF, and MOD17 have moderate 

increasing trends of global annual GPP, which can be attributed to the fact that these 
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models include vegetation indices and/or SIF data that can partially capture the indirect 

CO2 effects. The neglible trend of 0.06 Pg C yr-2 in FLUXCOM and negative trends of 

-0.25 Pg C yr-2 in EC-LUE and -0.35 Pg C yr-2 in GLASS suggest that further 

investigations is needed for these models, as they fail to reflect the increases of 

vegetation greenness and atmospheric CO2 concentration during 2001-2011.  

The CO2-exclusive DGVMs ensemble has a small interannual trend of 0.17 Pg C 

yr-2 during 2001-2011 (Table 5.2) and 0.03 Pg C yr-2 during 2000-2023 (Table 5.3), 

which reflects the increased negative effect of climate changes on GPP in 2010s. The 

CO2-inclusive DGVMs ensemble has a moderate trend of 0.57 Pg C yr-2 during 2001-

2011 and 0.43 Pg C yr-2 during 2000-2023, which also reflects the increased negative 

effect of climate change on GPP in 2010s. VPM v4.0 reported an interannual trend of 

0.89 Pg C yr-2 during 2001-2011 and 0.78 Pg C yr-2 during 2000-2023.  Global annual 

GPP from VPM v4.0 increased 21 Pg C yr-1 from 2000 to 2023. We reviewed the CO2 

sensitivity of GPP ( 𝛽R
GPP ) estimates from previous publications in searching for 

evidence that may support the estimates of the GPP interannual variability and trends 

estimated by VPM v4.0. Previous publications reported that 𝛽R
GPP  varies across the 

studies but generally falls within a relatively moderate range from 1.3 ± 2.3 from the 

ice core measurements of atmospheric O2 isotopes (Ciais et al., 2012) to 1.12 from an 

analysis framework based on photosynthetic optimization theory at 68 EC tower sites 

(Chen et al., 2022), 1.1 ± 0.5 from the satellite-derived evapotranspiration with 

ecosystem water use efficiency models (Cheng et al., 2017), and 0.95 ± 0.2 from the 

OCS-based methods (Campbell et al., 2017). VPM v4.0 estimates 𝛽R
GPP of 0.97, which 
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falls within this historical estimate range of 0.9 to 1.3 but is higher than 13 models in 

the CO2-inclusive DGVMs ensemble (0.39 to 0.90, Table 5.4). 

As atmospheric CO2 concentration has continued to rise, global GPP is expected 

to increase, especially in tropical regions where the direct CO2 effect is particularly 

pronounced (Huntingford et al., 2013). Driven by rising CO2 concentrations and climate 

change, global greening, as measured by LAI and GPP, was well documented (Zhu et 

al., 2016). VPM v4.0 predicts a significantly increasing trend of global annual GPP over 

2000-2023, which is considerably higher than the trends reported in many models. The 

global annual GPP data product from the VPM v4.0 provides more reliable prior data 

for inversion of terrestrial–atmospheric carbon cycle models. 

5.5 Conclusion 

The large range of global annual GPP estimates from various models can be attributed 

to a number of factors, ranging from model structure, variables, algorithms, and 

parameters as well as input datasets. This study, based on classical biochemical CO2 

assimilation theory in photosynthesis, incorporates the direct CO2 effect into the VPM 

model and compares the performance of the CO2-inclusive version (VPM v4.0) with 

the CO2-exclusive version (VPM v3.0) from eddy flux tower sites to the globe. The 

results indicate that explicitly incorporating the direct CO2 effect enhances VPM’s 

model performance regarding annual GPP, interannual variability and trend as well as 

sensitivity to CO2 of GPP. This improvement is particularly evident in low-latitude, 

high-productivity regions, where most satellite-based models tend to underestimate 

GPP. Annual GPP from the CO2-inclusive VPM v4.0 aligns more closely with EC tower 
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observations and recent global annual GPP estimates (Lai et al., 2024). The large annual 

GPP and continued increase of annual GPP during 2000-2023, as predicted by VPM 

v4.0, shed new light on how to improve accuracy of and reduce uncertainty of GPP 

across the scales from individual eddy flux tower sites to the globe, which will have 

significant implications for stablishing a more robust modeling framework for assessing 

terrestrial carbon fluxes and sink potential under elevated CO2 conditions.
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Chapter 6 : Application of GPP dataset: a case study of post-

fire recovery of vegetation productivity in Australia  

ABSTRACT 

Fires disrupt ecosystems, release carbon, and reduce carbon uptake, which increases 

atmospheric CO2 concentration, warms the atmosphere, and fosters more frequent and 

intense fires. Quantifying post-fire recovery is crucial for understanding the 

adaptability and resilience of ecosystems to fire disturbances. Observations from 

satellite-derived active fire (~1-km) and Gross Primary Productivity (GPP) products 

reveal that Australia experiences extensive fires annually, reducing vegetation 

productivity. Here we analyze the post-fire GPP recovery trajectories of 1.7 × 106 fire-

affected pixels (or 1.5 × 106 km2) in Australia between 2011 and 2019, of which 1.3 × 

106 pixels (1.2 × 106 km2) experienced a single fire (single-fire pixels), and 0.4 × 106 

pixels (0.3 × 106 km2) experienced two or more fires (multiple-fire pixels). We found 

that Australia's post-fire GPP recovery was strong and rapid. 88% of single-fire pixels 

recovered to 135% of the pre-fire level in an average of 2.3 years, while 86% of 

multiple-fire pixels recovered to 115% of the pre-fire level in an average of 1.2 years. 

NonForest ecosystems (e.g., grasslands, shrublands, and savannas) exhibited a higher 

post-fire recovery magnitude (138% for single-fire pixels and 115% for multiple-fire 

pixels) compared to Forest (110% for single-fire pixels and 108% for multiple-fire 

pixels). This rapid and robust post-fire GPP recovery is significantly influenced by post-

fire precipitation, fire (i.e., fire frequency, intensity) and fire severity (damage, impacts; 
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a metric of resistance of terrestrial ecosystems to fire). Specifically, higher fire severity 

and higher post-fire precipitation have a positive impact on post-fire recovery, whereas 

increased fire frequency has a negative impact. Furthermore, fire dynamics has a 

smaller role in the long-term interannual continental GPP changes than climate or land-

use changes, as strong and rapid GPP recovery offsets the short-term fire-induced GPP 

losses. 

6.1 Introduction 

Wildfires are becoming increasingly frequent globally, driven by climate variability 

(and trends) (Canadell, Meyer, et al., 2021; Jones et al., 2022). Fires directly alter 

terrestrial ecosystems by disrupting their structure and function, altering soil 

composition, reducing biodiversity, and impairing vegetation recovery, which can lead 

to ecosystem degradation (Canadell & Jackson, 2021). Additionally, fire emissions 

reduce terrestrial carbon stocks and increase the atmospheric carbon dioxide 

concentration, triggering feedback effects on the climate system that further escalate 

fire risk, resulting in fire cycles (van der Velde et al., 2021; J. Zhao et al., 2024; Zheng 

et al., 2023).  

Australia experiences frequent and intense fires that profoundly shape its 

ecosystems and carbon cycling (van der Velde et al., 2021; Villalobos et al., 2023). 

Large-scale fire events directly affect the release of terrestrial carbon in Australia 

(Burton et al., 2024). One study estimates that fires in Australian grasslands emitted 

around 280 Tg CO2 per year between 1997 and 2013 (Beringer et al., 2015). During the 

extreme 2019 southeastern Australia forest fire event, results from five inventories 
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indicate total carbon emissions of approximately 275 Tg CO2, however, these figures 

may still be conservative, as alternative assessments based on atmospheric CO 

measurement suggest that emissions could have reached 517–867 Tg CO2 (van der 

Velde et al., 2021), underscoring the vast scale of fire-induced carbon release in 

Australia.  

Beyond the direct effect of carbon emissions, biomass mortality and the loss of 

functional leaf area due to fire significantly weaken the capacity of ecosystems to 

sequester carbon (Beringer et al., 2007; Cernusak et al., 2006). In a northern Australian 

savanna, for instance, fire transformed the ecosystem from a carbon sink into a carbon 

source, primarily because of the marked decline in post-fire productivity—an impact 

on the carbon balance comparable to direct fire emissions (Beringer et al., 2007). 

Similarly, in a semiarid woodland in southern Australia, GPP decreased by 65% 

following a fire (Sun et al., 2016). These considerable carbon emissions and the 

associated reduction in carbon uptake can sharply diminish aboveground biomass, and 

in certain years, their influence on the carbon balance even surpasses that of climatic 

factors. For example, one study indicates that the 2019 southeastern Australia forest fire 

event was responsible for 85% of the total annual biomass loss (Qin et al., 2022), with 

the remainder attributed to drought and land clearing. Overall, existing research 

suggests that fires are a primary driver of high interannual variability in carbon fluxes 

across the Australian continent.  

Carbon losses from fires are offset by post-fire vegetation recovery (Bartels et al., 

2016; Qin et al., 2022). The post-fire recovery trajectory reflects the natural fire-
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adaptation mechanisms that Australian ecosystems have developed over long-term 

evolutionary processes (Karavani et al., 2018; Nolan et al., 2021). These processes are 

influenced by various factors, including fire behavior (e.g., intensity and frequency), 

climatic conditions (e.g., precipitation), and biome characteristics (Nolan et al., 2021; 

Sun et al., 2016; Turner, 2010), such that at large spatial scales, different regions and 

biomes with varying biomass densities may exhibit divergent post-fire recovery 

trajectories. This spatial and biome-specific heterogeneity shapes post-fire carbon 

dynamics, encompassing spatiotemporal patterns of carbon fluxes, carbon sinks, 

biomass, and atmospheric CO2. To date, current studies on post-fire vegetation recovery 

in Australia mainly focus on individual fire events or short-term impacts (Beringer et 

al., 2007; Byrne et al., 2021; Cernusak et al., 2006; Driscoll et al., 2024; Sun et al., 

2016), leaving a gap in our comprehensive understanding of recovery trajectories over 

broader temporal and spatial scales. Systematically and comprehensively quantifying 

post-fire recovery processes is therefore critical for deepening our understanding of 

ecosystem resilience to fire disturbances and the positive feedback mechanisms linking 

fires and climate (Byrne et al., 2021; Williams et al., 2004). In addition, considerable 

uncertainty remains regarding fire-induced carbon anomalies and vegetation dynamics 

simulations in current regional-scale ecosystem models (Hantson et al., 2016; Quegan 

et al., 2011; Van Der Werf et al., 2017). If the terrestrial ecosystem response to wildfires 

can be accurately captured through long-term observations, it will furnish ecosystem 

process models with more robust parameters and algorithms, thereby enhancing the 

capacity to evaluate carbon budgets, fire risk, and climate change across broader spatial 
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and temporal scales. 

In this chapter, we analyzed the short-term post-fire GPP recovery of all pixel-fire 

events (i.e., fires in forests, savannas, shrublands, and grasslands) across Australia from 

2011 to 2019, using GPP data from 07/2000 to 06/2023. The analyses included all 1.7 

× 106 fire-affected pixels (1.5 × 106 km2) across Australia during the study period, 

comprising 1.3 × 106 single-fire pixels (1.2 × 106 km2) and 0.4 × 106 multiple-fire pixels 

(0.3 × 106 km2), the two categories being distinguished because fire frequency 

influences post-fire recovery. We investigated three scientific questions: (1) What are 

the post-fire GPP recovery trajectories (i.e., recovered/unrecovered, magnitude, slope, 

and time) in single-fire and multiple-fire pixels? (2) How do post-fire precipitation and 

fire severity influence recovery?  and (3) What are the relative roles of fire on the long-

term interannual GPP change? The multi-year record of active fire and GPP products 

derived from satellites enables a comprehensive understanding of post-fire recovery 

trajectories to an extent not previously possible (Bao et al., 2024; Qin et al., 2022; 

Woodgate et al., 2025; Xu et al., 2024). A deeper understanding of post-fire GPP 

recovery trajectories and their long-term impacts is essential for assessing ecosystem 

resilience, anomalies in atmospheric CO2, and climate change dynamics. 

6.2 Materials and Methods 

6.2.1 Forest and NonForest map 

Differences in biomass (herbaceous and woody) and ecosystem structure (understory 

and overstory vegetation, canopy, cover, and leaf area) among various land cover and 
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plant functional types may result in differing responses to fire and post-fire recovery. 

Therefore, we separately analyzed post-fire recovery in Forest and NonForest 

(grassland, savanna, scrublands, etc.). We used the forest map in 2010 year developed 

by Qin et al. (2021), which employed PALSAR imagery and Moderate Resolution 

Imaging Spectroradiometer (MODIS) imagery to generate a 50-meter spatial resolution 

forest map of Australia (Figure 6.1). This map used the forest definition (areas 

exceeding 0.5 hectares with a tree canopy cover greater than 10% and trees reaching a 

height of over 5 meters) provided by the United Nations Food and Agriculture 

Organization (FAO). It is important to note that the Australian government has its 

unique definition of forest (areas exceeding 0.2 hectares with a tree canopy cover 

greater than 20% and trees reaching a height of over 2 meters), which includes shrubs 

and short trees. Different forest maps lead to varying statistical conclusions (Pan., et al 

2025, GCB). In this study, our primary objective in distinguishing between Forest and 

NonForest is to explore the differences in post-fire recovery between pixels dominated 

by trees and pixels dominated by grasses and shrubs. Therefore, we used the FAO 

definition forest maps (Qin et al., 2021). 
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Figure 6.1: Forest maps in Australia. a. The 50-meter forest map (2010) derived 

from the FAO definition was reported by Qin et al. (2021), b. The 100-meter forest 

map based on the Australian official NFI definition was reported by Australia's 

State of the Forests Report (2018, 2023). 

6.2.2 Fire pixels 

MODIS provides the MCD64A1 500-meter global burned area product and the 

MOD14A1 1-km global active fire product. MCD64A1 has been reported to have 

significant omission errors (~90%) and commission errors (~50%) in the tropics 

(Boschetti et al., 2019). Burned area (BA) products (e.g., MCD64A1 and CCI Fire) do 

not align well with active fire products in Australia, primarily due to the omission of 

small fires (Boschetti et al., 2019). Active fire products offer absolute detection of 

sufficiently intense fires and identify weaker, easily missed fire spots by comparing 

thermal infrared and brightness temperature anomalies with surrounding pixels. The 

active fire product has been reported to effectively reduce fire omission errors in the 

tropics (Giglio et al., 2003; Justice, Giglio, et al., 2002; Masocha et al., 2018). Previous 

studies have reported that MOD14A1 can detect small fire patches in grasslands, 

savannas, and forests that are difficult to identify by MCD64A1 (Devineau et al., 2010; 

Yin, 2020). Additionally, active fire products directly record high thermal radiation 

signals from fire-affected areas, thereby avoiding the complexities and potential errors 

associated with burned area algorithms. Therefore, in this study, we mainly used the 1-

km MOD14A1 v6.1  daily active fire product to define fire events (Giglio, 2015), while 

the 500-meter MCD64A1 v6.1 (Giglio, 2021) and the 250-meter CCI Fire v5.1 
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(Lizundia-Loiola et al., 2020) BA dataset served as references for cross-comparison 

with MOD14A1 v6.1. 

Annual active fire pixel maps are generated based on the timing of the fire and the 

growing season (GS). The annual active fire search period was defined from July (year) 

to June (year+1) to cover the entire growing season. We then examined the temporal 

sequence of active fire occurrences relative to the growing season, categorizing them 

into three types: Fire before GS, Fire within GS, and Fire after GS. Fire before GS and 

Fire within GS are the predominant fire types in Australia, accounting for 58% and 38% 

of total fires, respectively (Pan., et al 2025, GCB). These two fire types directly 

influenced productivity for that year; therefore, all Fires before GS and Fires within GS 

were included in that year's analysis. Fire after GS constitutes a small portion (4%) and 

primarily affects productivity in the subsequent year, thus being incorporated into the 

next year's analysis. These criteria generated 1-km annual active fire pixel maps from 

2011 to 2019 (nine years). Fires were subsequently classified into Forest-fire (Forest) 

and NonForest-fire (NonForest) using the forest map. 

Each active fire pixel for each year is considered a pixel-fire event (fi). The fire 

frequency (ωf) of individual events was then stacked as:  

ωf = ∑ fi

n

i=1

(6.1) 

Where n is the total number of years, fi =1 if a pixel-fire event was detected in the i-th 

year, and fi = 0 if not. 

6.2.3 Fire severity 

We calculated the 500-meter and 8-day Normalized Burn Ratio (NBR), an index widely 
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used to describe vegetation-related fire severity due to its sensitivity to green vegetation 

and moisture (García et al., 1991; Miller et al., 2007)： 

NBR =  
ρ

nir
 −  ρ

swir2

ρ
nir

+  ρ
swir2

(6.2) 

Where ρ
nir

 and ρ
swir2

 are the surface reflectance values of near infrared (841-876 nm) 

and short-wave infrared (2105-2155 nm) bands from the MOD09A1 v6.1 surface 

reflectance product (500-meter, 8-day) (Vermote, 2015). We generated the NBR time 

series for fire events at an 8-day temporal resolution annually. Differenced NBR (dNBR) 

represents the absolute vegetation loss caused by the fire and is calculated as the 

difference between the pre-fire and post-fire NBR: 

dNBR = NBRpre-fire −  NBRpost-fire (6.3) 

Where NBRpre-fire is the mean of two observations (16-day) taken before the fire, while 

NBRpost-fire is the mean of two observations (16-day) taken after the fire. Given the 

diverse landscape types the study area covers, we used the Relative dNBR (RdNBR) to 

quantify fire impacts on vegetation across temporal and spatial scales (Miller et al., 

2007): 

RdNBR =  
dNBR

√NBRpre-fire

(6.4) 

The fire severity defined by RdNBR mainly reflects the relative change in vegetation 

loss before and after the fire. Reference values for fire severity are currently based on 

literature review (Botella-Martínez et al., 2017; Miller et al., 2007), where RdNBR 

above 0.8 is considered high, RdNBR between 0.4 and 0.8 is considered moderate, and 

RdNBR below 0.4 is considered low. 
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6.2.4 Gross primary productivity data 

We used the global GPP dataset estimated by the Vegetation Photosynthesis Model 

(VPM v3.0) in Chapter 4. In this study, post-fire recovery analyses are reported 

primarily using GPP from VPM in the main text. 

6.2.5 Leaf area index data 

Leaf Area Index (LAI) data is from the MCD15A3H v6.1 LAI product (500-meter, 4-

day) (Myneni et al., 2015). LAI was then aggregated by annual means from July (year) 

to June (year + 1) to match the fire years as described in Australia. 

6.2.6 Vegetation index data 

Vegetation indices, including Normalized Difference Vegetation Index (NDVI), 

Enhanced Vegetation Index (EVI), and Near-Infrared Reflectance of Vegetation (NIRv), 

were calculated using reflectance bands from the MOD09A1 v6.1 surface reflectance 

product (500-meter, 8-day) (Vermote, 2015). EVI, NDVI, and NIRv were then 

aggregated by annual means from July (year) to June (year + 1). 

6.2.7 Analysis of post-fire recovery of GPP during 07/2000 to 06/2023 

We used the time series data of fire events within individual pixels during 07/2000 – 

06/2023 to count the number of fire events for each pixel (fire frequency, ωf), and those 

fire-affected pixels are grouped into two categories: single-fire pixels (ωf = 1) and 

multiple-fire pixels (ωf > 1). Time series GPP data of each fire-affected pixel is divided 

into two periods based on the year the fire occurred: the baseline period (pre-fire) and 

the transition period (post-fire). 
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The baseline period was defined as spanning from 2000 to the year before the fire, 

ensuring a minimum of 11 years of data for reference and extending over multiple years. 

The GPP during the baseline period is used to represent the undisturbed state of the 

ecosystem. Years during the baseline period with extreme environmental conditions, 

such as fires, floods, or droughts, were excluded. The filtering process specifically 

involves (1) excluding fire years, the wettest year, and the driest year; (2) calculating 

the mean and standard deviation (σ) of the GPP for the remaining years and excluding 

any years where GPP fell outside the range of mean ± σ; and (3) estimated the mean of 

the remaining years as the baseline. 

The transition period is the period following the fire year, during which vegetation 

either transitions toward recovery or remains unrecovered. This period was generally 

defined as the period from the fire year until the final year of the study period (fire year 

- 2023 in single-fire pixels), or until the next fire disturbance (fire year - next fire year 

in multiple-fire pixels). We used the following criteria to determine whether a pixel-fire 

event had recovered during the transition period: 

                   { 
 recovered       if t ∈ T (GPP(t) ≥ GPPbaseline)             

unrecovered        otherwise                                             
(6.5) 

where T represents the entire transition period,  t denotes a specific year within T, and 

GPP(t) refers to the value of GPP for the year 𝑡. A fire event was considered recovered 

if GPP exceeded the baseline in any year 𝑡 within the transition period; otherwise, it 

was marked as unrecovered. Each year, all pixel-fire events were classified into a binary 

map as either recovered or unrecovered. ωr is defined as the recovery frequency within 

the fire-affected pixels:  
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ωr =  
∑ ri

ωf

i=1

ωf

(6.6) 

With ri = 1 if the pixel-fire event was recovered in the i-th fire year and ri = 0 otherwise. 

ωf is fire frequency. ωr =1 indicates that the pixel has recovered from all fire events in 

the pixel, while ωr = 0 indicates that the pixel is unrecovered from any of the pixel-fire 

events. For multiple-fire pixels, 0 < ωr < 1 indicates that the pixel has partially recovered. 

Three metrics were calculated to quantify the post-fire recovery trajectories at one 

pixel-fire event: relative recovery magnitude (φ
rec

) of a pixel, relative recovery slope 

(βrec ) of a pixel, and the number of years required for recovery (Yrec ) of a pixel. 

Specifically: 

φ
rec

  is calculated as the percentage of GPP in the recovery year relative to the 

baseline during the transition period, in case of complete recovery:  

φ
rec

=
GPPrec

GPPbaseline

 × 100% (6.7) 

Where GPPrec is GPP in the first year in which GPP exceeds the baseline GPP. In cases 

where recovery does not occur (unrecovered pixels), φ
rec

 is defined as the percentage 

of the maximum GPP observed during the transition period (GPPmax) relative to the 

baseline: 

φ
rec

=
GPPmax

GPPbaseline

 × 100% (6.8) 

βrec is the regression coefficient (slope) of the linear regression of the annual net GPP 

recovery percentage relative to baseline GPP during the transition period. t is the year 

during the transition period: 

βrec =
1

𝑡

GPPt+1 −  GPPt

Baseline GPP
× 100% (6.9) 
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Yrec is estimated in recovered fire-affected pixels. Generally, Yrec ranged from 1 to 11 

years. In some cases, Yrec equaled 0, indicating recovery occurred within the same year. 

One metric was calculated to quantify the post-fire recovery trajectory for all pixel-fire 

events in Australia:  ratio of recovered pixel-fire events relative to the pixel-fire events 

(Ratiorec) in Australia: 

Ratiorec =  
∑ ωr  × ωf

m
i=1

∑ ωf
m
i=1

 × 100% (6.10) 

Where m is the count of fire-affected pixels. Ratiorec was calculated at single-fire pixels 

and multiple-fire pixels separately. 

6.2.8 Analysis for attribution of driving factors of post-fire recovery 

Australia's ecosystem productivity is predominantly driven by precipitation (Byrne et 

al., 2021). We explored the effects of precipitation and fire severity on recovery. Here, 

we used precipitation data from the ERA5-Land reanalysis climate dataset (Muñoz 

Sabater, 2019), which has a spatial resolution of 0.1° and an hourly temporal resolution 

and was aggregated by annual sums spanning from July (year) to June (year+1). Post-

fire precipitation was quantified by precipitation anomaly (Δ mm): 

Precipitation anomaly =  p
max

̅̅ ̅̅ ̅ − p
mean

̅̅ ̅̅ ̅̅ (6.11)

For a recovered fire event, p
max

̅̅ ̅̅ ̅ is defined as the maximum annual precipitation from 

the fire year to the recovered year. For an unrecovered fire event, p
max

̅̅ ̅̅ ̅ is the maximum 

annual precipitation for the entire transition period. p
mean

̅̅ ̅̅ ̅̅  is the multi-year mean annual 

precipitation from the year 2000 to the fire year.  

All fire events were then categorized into subgroups based on different intervals 

of precipitation anomalies and fire severity (RdNBR). Subgroups with sufficient fire 
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events were selected to ensure statistical significance. For the All and NonForest 

categories, subgroups with at least 1000 fire events were selected, while subgroups with 

at least 100 fire events were selected for the Forest category. 

Ratiorec, φrec, and βrec were calculated within each subgroup. In each subgroup, 

Ratiorec was calculated using Eq. (6.10), while φrec and βrec were calculated as the mean 

values of all fire-affected pixels within the subgroup. We then used the logarithmic 

model to explore the relationship between Ratiorec, φ rec, and βrec with precipitation 

anomalies under various fire severities and calculated the significance. 

For the recovered fire event, the timing and amount of precipitation may impact 

Yrec. Here, we used an index to quantify the temporal distribution of precipitation, the 

Normalized Precipitation Timing Index (NPTI), which integrates the temporal variation 

characteristics of post-fire precipitation (Pan, et al 2025): 

NPTI =  

∑ e-λi  ×  
p

i

p
mean

̅̅ ̅̅ ̅̅
n
i=1

∑ e-λin
i=1

(6.12) 

Where λ is the decay constant. We used λ=0.5 because when n = 11 (maximum recovery 

years), e-λi tends to 0. i represents the i-th year after the fire, n is Yrec, and p
i
 is the annual 

precipitation for the i-th year. The exponential decay parameter was designed to adjust 

the sensitivity to both the timing and amount of precipitation, giving more weight to 

early precipitation and less to later precipitation. The index is normalized by the multi-

year mean precipitation (p
mean

̅̅ ̅̅ ̅̅ ), allowing for comparison across regions with varying 

precipitation conditions.  

We analyzed the distribution of NPTI values across all recovered pixels under 
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various precipitation scenarios, as well as the NPTI values for four representative 

precipitation scenarios (Figure 6.2). NPTI values were categorized into four scenarios 

based on different post-fire precipitation patterns between the fire year and the recovery 

year: consistently low precipitation (consistently low), low early precipitation followed 

by high late precipitation (late high), high early precipitation followed by low late 

precipitation (early high), and consistently high precipitation (consistently high). High 

and low precipitation were defined relative to the multi-year mean precipitation, with 

the early and late corresponding to the first and second half of the period. When post-

fire precipitation was consistently low, all NPTI values were below 1, with an 

interquartile range of 0.67 to 0.88. Under late high precipitation, NPTI values increased 

slightly, though most remained below 1, with an interquartile range of 0.77 to 1.05. 

When precipitation was early high, most NPTI values exceeded 1, with an interquartile 

range of 0.99 to 1.23. For consistently high precipitation, all NPTI values exceeded 1, 

with an interquartile range of 1.09 to 1.34. Four representative fire events show specific 

NPTI values under four post-fire precipitation scenarios, indicating that NPTI 

effectively captures the influence of precipitation timing and amount, with higher 

values when precipitation occurs earlier and in greater magnitudes. 
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Figure 6.2: The distribution of NPTI values across different post-fire precipitation 

scenarios. a. The distribution of NPTI under four precipitation scenarios: 

consistently low (consistently low), low early followed by high late (late high), high 

early followed by low late (early high), and consistently high (consistently high). b 
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selected four representative sites to show specific NPTI values under four post-fire 

precipitation scenarios. 

6.2.9 Impacts of fire on interannual GPP change 

We explored the components of interannual GPP change (ΔGPP) over the long term 

(from 2000 to 2022). ΔGPP was calculated as the difference between year t and year t-

1. For each fire-affected pixel, ΔGPP can be decomposed into four subcategories:  

ΔGPP =  ΔGPPNN  +  ΔGPPFN   +  ΔGPPNF   +  ΔGPPFF (6.13)

where ΔGPPNN refers to the ΔGPP of the fire occurred in consecutive years (year t and 

year t-1) with no fire, driven primarily by climate change and land use change. ΔGPPFN 

refers to the ΔGPP of the fire occurred in the year t-1, representing the annual climate-

induced GPP recovery. ΔGPPNF refers to the ΔGPP of the fire occurred in the year t, and 

ΔGPPFF refers to the ΔGPP of the fire occurred in consecutive years (year t and year t-

1). ΔGPPNF and ΔGPPFF are fire-induced GPP losses. We selected a representative pixel 

to illustrate the analytical process (Figure 6.3). 

 

Figure 6.3: Analysis of impacts of fire on interannual GPP change at a selected fire 

pixel (133.9206, -16.0256). 𝚫GPP was calculated as the difference between year t 
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and year t-1. 𝚫GPPNN refers to the 𝚫GPP of the fire occurred in consecutive years 

(year t and year t-1) with no fire, driven primarily by climate change and land use 

change. 𝚫GPPFN  refers to the 𝚫GPP  of the fire occurred in the year t-1, 

representing the annual climate-induced GPP recovery. 𝚫GPPNF  refers to the 

𝚫GPP of the fire occurred in the year t, and 𝚫GPPFF refers to the 𝚫GPP of the fire 

occurred in consecutive years (year t and year t-1). ΔGPPNF and ΔGPPFF are fire-

induced GPP losses. The numbers in parentheses in the legend indicate the 

contribution to the total ΔGPP. 

The contribution of each subcategory (|ΔGPP
i
|) to the total ΔGPP is estimated as: 

Contribution to ΔGPP =  
|ΔGPP

i
|

∑ |ΔGPP
i
|
 × 100% (6.14) 

Here, we quantified the contribution of ΔGPPi on ΔGPP at fire-affected pixels and the 

contribution of ΔGPPi on ΔGPP at the entire Australian. 

6.3 Results 

6.3.1 Characteristics of fires in Australia during 2011-2019 

Observations of active fire from satellite products (MOD14A1, 1-km resolution) reveal 

that from 2011 to 2019, 1.7 × 106 pixels (1.5 × 106 km2) were affected by active fires, 

covering 19% of Australia's land area (Figure 6.4a, b). We found that 1.3 × 106 pixels 

(1.2 × 106 km2) experienced only one fire event since 2011 (single-fire pixels), 

distributed over temperate forests and savanna fire-prone zones, covering 15% of 

Australia's land area. Of these, the number of extreme fire pixels in 2019 was 0.2 × 106. 

Conversely, 0.4 × 106 pixels (0.3 × 106 km2) experienced two or more fire events 
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(multiple-fire pixels), primarily within the savanna fire-prone biome, covering 4% of 

Australia's land area. The annual fire-affected pixels (or area) varied across years, 

ranging from 0.1 × 106 (0.1 × 106 km2) to 0.4 × 106 pixels (0.4 × 106 km2) during the 

study period, covering 2-5% of Australia’s land area (Figure 6.4c). Non-forest fire 

(NonForest), including savannas, shrublands, and grasslands, were dominant, 

accounting for 94% of total fire-affected pixels and are the primary contributors to the 

interannual variability of burned areas over the years (Figure 6.4c). Forest-fire (Forest) 

comprised only 6% of total fire-affected pixels and had small interannual variability 

except for the extreme southeastern "Black Summer" forest fires of 2019 (Figure 6.4c). 

 

Figure 6.4: Fire pixels and events in Australia from 2011 to 2019. a show the spatial 

distribution of single-fire pixels (ωf = 1) and multiple-fire pixels (ωf > 1) (1-km) 

during the study period. b summarizes the fire events and proportion of fire pixels 

for Forest, NonForest, and all (Forest and NonForest) along the latitude gradient 
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in 0.1° bins. c reports the interannual variability in pixel-fire events and the 

corresponding proportion of Australia’s land area for NonForest and Forest. d 

reports the fire severity (RdNBR) for pixel-fire events in single-fire pixels (ωf = 1) 

and in multiple-fire pixels (ωf > 1). Severity categories: Low (RdNBR≤0.4), 

moderate (0.4<RdNBR≤0.8), and High (RdNBR>0.8). Black solid dots and white 

solid lines are the mean and median values in boxplot. The numbers in the legend 

are the mean values and interquartile range (mean [interquartile range]). 

Fire severity, defined by the RdNBR, shows a gradient from low to high in 

NonForest pixels, and a gradient from low to moderate in Forest (Figure 6.4 d). Higher 

RdNBR in NonForest indicates that fires generally cause more severe damage to non-

forests than forests. 81% of NonForest had minimum daily GPP after fire below 1 gC m-

2 day-1 (Figure 6.5d), which means that NonForest lost their photosynthetic capacity 

just after fires. While Forest experienced higher daily GPP instant losses after fires 

(Figure 6.5b), the minimum daily GPP after fire averages 2.2 gC m-2 day-1 (Figure 6.5d), 

suggesting that fires did not kill all the trees, and these pixels kept a limited amount of 

photosynthesis activities. 
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Figure 6.5: The impact of fire on instantaneous daily GPP. Daily GPP instant loss 

was calculated using a time window of three GPP observations (24-day) following 

fire events. Minimum daily GPP after fire is minimal GPP among the three GPP 

observations (24-day period) following the fire. a shows the spatial distribution of 

daily GPP instant loss, while b is the distribution of GPP instant loss for Forest, 

NonForest, and All. c shows the spatial distribution of minimal daily GPP after 

fire, while d is the distribution of minimal daily GPP after fire for Forest, 
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NonForest, and All. Black solid dots and white solid lines are the mean and median 

values in boxplot. The numbers in the legend are the mean values and interquartile 

range (mean [interquartile range]). 

6.3.2 Post-fire recovery in single-fire pixels (1-km spatial resolution) 

Of the 1.3 × 106 single-fire pixels (1.2 × 106 km2), the post-fire recovery ratio (Ratiorec) 

is 88% (Figure 6.6a, b), indicating that 88% of pixel-fire events recovered to pre-fire 

level and are distributed across the entire latitudinal gradient. 12% of pixel-fire events 

have remained unrecovered yet and are predominantly distributed in central and 

southwestern Australia's arid desert regions. Both Forest and NonForest show high 

Ratiorec, with the NonForest recovery (Ratiorec
NonForest

 = 88%) being slightly higher than 

the Forest recovery (Ratiorec
Forest

 = 83%). The average Yrec of single-fire pixels is 2.3 

years (Figure 6.6c). Yrec varied across years, with a general pattern of shorter Yrec for 

NonForest than Forest. The mean and range of relative recovery magnitude (φrec) for 

single-fire pixels are 135% [110%, 156%], showing a widespread pattern of 

overcompensation (Figure 6.6d). Specifically, NonForest has a higher mean value and 

broader range of φrec (138% [111%, 160%]) than Forest (110% [103%, 117%]). The 

mean and range of relative recovery slope (βrec) for single-fire pixels are 8% [2%, 13%]. 

Forest (10% [4%, 15%]) was slightly higher than NonForest (8% [2%, 12%]) (Figure 

6.6e). It is noteworthy that in the 12% of pixel-fire events have remained unrecovered, 

10% of pixel-fire events have βrec  very low ( βrec <1%), indicating that these 

unrecovered areas have experienced degradation, while 2% of pixel-fire events are due 

to without enough time to recover. 
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Figure 6.6: Post-fire recovery of single-fire pixels. a show the spatial distribution 

of unrecovered and recovered fire-affected pixels. b summarizes the counts of fire-

affected pixels and proportion of unrecovered and recovered pixel-fire events for 

Forest, NonForest, and all (Forest and NonForest) along the latitude gradient in 

0.1° bins. c shows the proportion of pixels with different Yrec values among all fire-

affected pixels. d and e show the distribution of the GPP recovery magnitude in 

pixels with complete recovery (𝛗rec) and the temporal slope of annual relative GPP 

recovery (βrec) for Forest, NonForest, and All. Black solid dots and white solid lines 

are the mean and median values in boxplot. The numbers in the legend are the 

mean values and interquartile range (mean [interquartile range]). 

6.3.3 Post-fire recovery in multiple-fire pixels (1-km spatial resolution) 

Of the 0.4 × 106 multiple-fire pixels (or 0.3 × 106 km2), 71% fully recovered, 1% 
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remained unrecovered, and 27% partially recovered (Figure 6.7a, b). Using Eq. (6.10), 

the average Ratiorec was 86%, which is only 2% lower than that in single-fire pixels. 

The NonForest recovery ratio (Ratiorec
NonForest

 = 86%) is higher than the one of Forest 

(Ratiorec
Forest

  = 80%). Notably, under similar Ratiorec, multiple-fire pixels had notably 

shorter Yrec (1.2 years) than single-fire pixels (2.3 years). NonForest has shorter Yrec 

than Forest, consistent with observations in single-fire pixels (Figure 6.7c). The mean 

and range of φrec for multiple-fire pixels show overcompensation (115% [105%, 123%]) 

as well but lower than in single-fire pixels (135% [110%, 156%]), indicating that 

increased fire frequency negatively impacts the recovery magnitude in both Forest and 

NonForest (Figure 6.7d). βrec in multiple-fire pixels was slightly higher than in single-

fire pixels (Figure 6.7e). The higher recovery slope highlights the adaptability of 

ecosystems to high-frequency fires. 

 

Figure 6.7: Post-fire recovery of fire events in multiple-fire pixels. a show the 
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spatial distribution of unrecovered, partially recovered and recovered fire pixels. 

b, c, d, and e are the same as Figure 6.6 but focus on multiple-fire pixels. 

6.3.4 Impacts of precipitation on post-fire recovery under various levels of fire 

severity 

Most ecosystems in Australia are water-limited, making post-fire recovery closely 

linked to water availability and fire severity. Across the gradient of fire severity, we 

applied a logarithmic regression model (y=alog(x)+b) to explore the relationship 

between post-fire recovery (Ratiorec) and precipitation. The overall response of Ratiorec 

to precipitation (Δ mm) exhibited a significant positive correlation, characterized by an 

initial increase in Ratiorec with rising precipitation, and a saturation above a specific 

threshold (Figure 6.8a-c). Accordingly, the response of Ratiorec to precipitation can be 

divided into two stages: rapid increase and saturation. In the rapid stage of increase, 

Ratiorec gradually increases with precipitation but levels off once the response to 

precipitation reaches saturation. During this stage, fire severity and precipitation jointly 

influence the Ratiorec, with fire severity impacting negatively and precipitation 

impacting positively. In the saturation regime, Ratiorec remains stable at its peak, 

indicating that additional precipitation is no longer necessary and that recovery can 

proceed irrespective of fire severity. Notably, the saturation point for NonForest is 

relatively low, Ratiorec reaching peak at Δ mm > 50 mm, whereas it is higher for Forest, 

Ratiorec reaching peak at Δ mm > 150 mm. 

The response mechanism of Ratiorec to precipitation is fundamentally driven by 

the recovery magnitude (φ
rec

) and slope (βrec) (Figure 6.8d-i). Similarly, the logarithmic 
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model indicates a significant positive correlation between φ
rec

, βrec, and precipitation. 

After precipitation saturation, excessive precipitation tends to slightly weaken or halt 

this effect, but it still maintains relatively high levels, keeping Ratiorec at its peak. This 

response pattern is more pronounced in NonForest than in Forest, highlighting the rapid 

rebound of NonForest and its sensitivity to water availability. The responses of φ
rec

 and 

βrec  to precipitation are particularly noteworthy under varying fire severities. Fire 

severity positively correlates with φ
rec

 and βrec under wet conditions (Δ mm > 0). This 

indicates that when water is sufficient, larger fire-induced damage leads to higher 

recovery magnitudes and slopes. These findings reveal the high adaptability of 

Australia’s ecosystems to fire and the dominant role of precipitation in their recovery. 

In recovered fire pixels, we further explored Yrec with factors associated with 

precipitation amount and timing (Figure 6.8j-l). We used the Normalized Precipitation 

Timing Index (NPTI) as an indicator to simulate scenarios with varying precipitation 

amounts and timings. NPTI is generally negatively correlated with Yrec and positively 

correlated with RdNBR, which means earlier and greater precipitation results in shorter 

recovery times, whereas higher fire severity prolongs recovery times. This pattern is 

clear and direct in NonForest but not significant in Forest, although Forest exhibits a 

similar overall trend. It is important to clarify that, although fire severity negatively 

impacts Yrec, this does not conflict with the positive correlation of fire severity with φ
rec

 

and βrec. Higher fire severity is typically associated with greater GPP loss, making a 

longer Yrec reasonable. 
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Figure 6.8: The relationship between post-fire recovery trajectories and 

precipitation varies under different levels of fire severity. Post-fire precipitation 

was quantified using precipitation anomalies (Δ mm), and fire severity was 

quantified using RdNBR. Each point represents the mean value in subgroup (see 

Methods). Each panel in a~i presents statistical metrics under varying 

precipitation anomaly and fire severity: Ratiorec (a~c), recovery magnitude (𝛗rec) 

(d~f), and recovery slope (𝛃rec) (g~i). j~l shows Yrec under different Normalized 

Precipitation Timing Index (NPTI) and fire severity (see Methods). Three columns 

correspond to Forest, NonForest, and All, respectively. The curves are the fitted 

regression line of the logarithmic model (y=alog(x)+b), with significance 



206 

 

determined based on the F-test. p<0.01 (***) and p<0.05 (*) indicate confidence 

levels of 99% and 95%, respectively. 

6.3.5 Impacts of fire on interannual GPP change 

We extended the GPP data to cover the period from 2000 to 2022 to explore the 

contribution of fire-related GPP to the long-term interannual GPP change (ΔGPP). 

Within fire-affected pixels, single-fire pixels, ΔGPPNN dominated ΔGPP, accounting 

for 89% [85%–94%] of ΔGPP. ΔGPPFN accounting for 6% [3%, 9%] of ΔGPP, and 

ΔGPPNF accounting for 5% [2%, 7%] (Figure 6.9a). For multiple-fire pixels, we merged 

the ΔGPPNF and ΔGPPFF into one category as both are related to fire-induced GPP loss 

(Figure 6.9b). Multiple-fire pixels exhibited similar patterns to single-fire pixels, but 

with a relatively larger contribution of fire to ΔGPP. ΔGPPNN, ΔGPPFN, and 

ΔGPPNF+ΔGPPFF accounting for 77% [70%,87%]，12% [6%,16%], and 11% 

[5%,15%] of ΔGPP. 

We then extended the analysis to the entire Australia, exploring the contribution 

of total fire-related GPP to the continent’s total GPP. Over the two decades, total ΔGPP 

in Australia ranged from -1.07 GtC year⁻¹ to 1.12 GtC year⁻¹ (Figure 6.9c). ΔGPPFN 

ranged from -0.95 GtC year⁻¹ to 1.08 GtC year⁻¹ and served as the primary contributors 

to the ΔGPP, explaining 82% [74%, 90%] of the ΔGPP over years (Figure 6.9d).  Δ

GPPFN ranged from -0.01 GtC year⁻¹ to 0.10 GtC year⁻¹, with most of the years show 

positive values,  explaining 11% [5%, 17%] of the ΔGPP over years.  ΔGPPNF+ΔGPPFF  

ranged from -0.07 GtC year⁻¹ to 0.01 GtC year⁻¹, explaining 7% [4%, 10%] of the Δ

GPP over years. ΔGPPNF+ΔGPPFF were generally negative as fires directly reduce GPP. 
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However, in some years, such as 2003, 2010, and 2020, they turned positive, reflecting 

climate-driven recovery within the year. 

Fire-related GPP loss (ΔGPPNF + ΔGPPFF) accounts for 7% of ΔGPP (Figure 6.9d). 

This proportion is non-negligible, as the fire-affected areas are much smaller than the 

areas without fire-affected. The key point is that the annual climate-driven GPP 

recovery (11%) can fully offset the fire-related GPP loss, a similar pattern also observed 

at the pixel scale (Figure 6.9a, b). These findings suggest that the long-term impact of 

fires on ΔGPP in Australia is significantly smaller than that of climate change or land 

use changes, primarily due to the offset effect of rapid post-fire recovery. 

 

Figure 6.9: Interannual GPP change (ΔGPP) across fire-affected pixels and whole 

Australia. ΔGPP is defined as: ΔGPP(t) = GPP(t) -GPP(t-1). ΔGPP is divided into four 

subcategories: ΔGPP = ΔGPPNN + ΔGPPFN + ΔGPPNF + ΔGPPFF. 𝚫GPPNN refers 

to the 𝚫GPP of the year with no fire, driven primarily by climate change and land 
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use change. 𝚫GPPFN  refers to the 𝚫GPP  of the year fire that occurred in the 

previous year, representing the annual climate-induced GPP recovery. 𝚫GPPNF 

refers to the 𝚫GPP of the years with fire, and 𝚫GPPFF refers to the 𝚫GPP of the 

years with fire occurring in consecutive years. a and b show the distributions of 

each subcategory contribution to ΔGPP for fire-affected pixels, with a for single-

fire pixels and b for multiple-fire pixels. c shows the annual time series of 

Australia’s total ΔGPP. Each bar is stacked by the sum of ΔGPP across all pixels 

in that subcategory. The positive and negative signs of ΔGPP represent increases 

and decreases in interannual anomalies. d shows the contribution of each 

subcategory to total Australia’s interannual GPP difference by mean and 95% 

confidence interval (mean ± 95% CI) across all years. 

6.4 Discussions 

6.4.1 Strong and rapid post-fire recovery in Australia 

As shown by the post-fire recovery dynamics in GPP (together with multiple satellite-

derived products) across 1.7 × 106 fire-affected pixels (1.5 × 106 km2) from 2011 to 

2019, Australian ecosystems demonstrate strong and rapid post-fire recovery in the 

carbon uptake capacity in response to fire disturbances. This recovery is characterized 

by high recovery ratios, overcompensation, and rapid recovery. NonForest ecosystems 

are worth highlighting as they exhibit an extraordinarily strong and rapid recovery. This 

highlights NonForest in Australia as fire-adapted ecosystems, attributed to the rapid 

resprouting of herbaceous and shrub species, along with their lower resource 
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requirements (Driscoll et al., 2024; Xu et al., 2024). Note that we did not differentiate 

between grasslands, shrubs, and savannas here, as savannas are typically composed of 

grass and trees. Further refinement is needed to distinguish between understory and 

overstory fires in the future, as savannas, which involve a more dominant grass layer, 

are expected to recover more quickly. Forest are relatively stable, as indicated by 

recovery metrics showing narrower response ranges to fire (Woodgate et al., 2025). 

Most forest species have adapted to fire over millions of years, with the dominant 

eucalyptus species in Australia having evolved fire resilience by vigorously resprouting 

after fire or by releasing large quantities of seeds that rapidly germinate after burning 

(Woodgate et al., 2025). The stronger and more rapid post-fire recovery observed in 

NonForest compared to Forests could be attributed to the higher fire-induced GPP 

instant loss in forests, as well as the higher post-fire demands of radiation, water, and 

nutrients (Bond et al., 2001; Crisp et al., 2011). 

6.4.2 Precipitation and fire drives post-fire recovery in Australia 

With these traits that promote resilience, we find that strong and rapid post-fire recovery 

is largely driven by subsequent precipitation and fire severity. Consistent with previous 

studies, precipitation in water-limited Australian ecosystems is the dominant factor 

driving post-fire GPP recovery (Byrne et al., 2021), as it provides essential water 

resources for resprouting and germination, while also accelerating soil nutrient cycling 

(Li et al., 2009). Precipitation directly determines whether vegetation can recover and 

shape the recovery trajectories. The spatial patterns of post-fire recovery indicate that 

unrecovered fire pixels were concentrated in arid areas. In these regions, insufficient 
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precipitation and high fire severity fail to counterbalance fire-induced soil warming and 

reduce soil moisture (Baur et al., 2024; J. Zhao et al., 2024), resulting in ecosystem 

degradation or desertification (Armstrong McKay et al., 2022; Driscoll et al., 2024; 

Feng et al., 2021). One key finding is that the precipitation threshold needed to support 

post-fire recovery is relatively modest—in most cases, slightly exceeding the long-term 

mean precipitation is sufficient to facilitate recovery (Figure 6.8). This finding leads to 

the conclusion that ecosystems in Australia are highly sensitive to water availability, 

which is particularly significant for Australia, given that its ecosystems are 

predominantly arid and semi-arid. When precipitation is sufficient, vegetation can 

recover from any fire event. A prime example is the extensive southeastern forest fires 

in 2019, where early and abundant post-fire precipitation greatly accelerated recovery 

(Qin et al., 2022). Moreover, it is easy to understand that earlier and higher precipitation 

would shorten recovery times. However, the complex response pattern of Forest to 

NPTI may arise from variations in soil types, which could influence how precipitation 

impacts the ecosystem (Fernandez-Going et al., 2012). Additionally, early precipitation 

may trigger microbial flushes, altering soil microbial diversity and functionality 

(DeBano et al., 1978), which warrants further investigation. 

Fire influences post-fire recovery in GPP in two ways: fire frequency and fire 

severity. In general, an increasing fire frequency negatively affects post-fire GPP 

recovery, most directly by reducing the level of recovery and shortening the time 

window for recovery. This prevents ecosystems from fully regaining their maximum 

carbon uptake capacity. On the positive side, our results indicate that these increases in 
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fire frequency have a minimal effect on the post-fire recovery ratio. Most vegetation in 

Australia, especially NonForest, can still return to baseline levels despite repeated fire 

disturbances. However, as fire frequency has increased over the recent decades, and 

intervals between fires continue to shorten, the negative impacts are likely to intensify.  

Fire severity reveals an interesting pattern: under wet conditions, vegetation 

affected by higher fire severity exhibits a stronger recovery response, i.e., higher level 

of GPP recovery than pre-fire and steeper slopes. Our findings also align with a previous 

grassland study, which reported a 30–60% increase in productivity following fire 

(Santos et al., 2003). In our analyses, productivity increased by 38% for single-fire 

events and 15% for multiple-fire events. Our results also corroborate a North American 

boreal fire study, which reported an 8–40% increase in SIF following fires (Kim et al., 

2024). This phenomenon can be attributed to several complementary mechanisms. First, 

intense burning returns the nutrients in dead plant matter to the soil, providing a short-

term pulse of nutrient inputs or fertilization effect (Caon et al., 2014; Certini, 2005). 

Second, the removal of pre-existing plant species creates space that reduces competition 

for fire-adapted or pioneer species (Driscoll et al., 2024; Xu et al., 2024), such as many 

eucalypts and shrubs, which can rapidly occupy (Clarke et al., 2002; Crisp et al., 2011). 

Third, these fire-adapted species possess strong resprouting and germination capacities 

(Knox et al., 2006), as well as high photosynthetic efficiencies (Clemente et al., 2005). 

Finally, large post-fire precipitation maximizes the positive effects from nutrient release 

and reduced competition (Blanco-Rodríguez et al., 2023; Davis et al., 2023), thereby 

producing the high recovery magnitudes and slopes after fires. In comparison, under 
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drought conditions, fire severity exerts a generally negative influence. These findings 

indicate fire regulates and constrains recovery processes by altering initial conditions. 

However, the high sensitivity of vegetation to water drives strong resilience and 

adaptability in response to fire impacts. 

Australia's ecosystems are mainly composed of water-limited and fire-dependent 

ecosystems (Byrne et al., 2021), which guided our continental-scale post-fire recovery 

analysis focusing on precipitation and fire severity. More potential drivers need to be 

considered in the future to conduct post-fire recovery analysis at a finer scale (Beringer 

et al., 2015). For example, as mentioned, in grassland and savanna fire zones, intense 

fires can trigger rapid species turnover, with pioneer fire-adapted species supplanting 

pre-existing species (Driscoll et al., 2024; Xu et al., 2024), and in extreme cases, driving 

ecosystem extinction and changes in land use (Armstrong McKay et al., 2022; Driscoll 

et al., 2024; Feng et al., 2021). In relatively complex forest ecosystems, such as those 

in the southeastern Australian eucalypt forests, radiation is as critical a driver of post-

fire recovery as precipitation (Woodgate et al., 2025). Furthermore, forest ecosystems 

demand attention to vertical structural complexity. Evidence from a recent study 

suggests that the overstorey and understory follow distinct post-fire recovery 

trajectories, with a substantial loss of overstorey biomass and a concurrent increase in 

understory biomass (Woodgate et al., 2025), a pattern that optical sensors cannot 

capture accurately and that underscores the need to incorporate active remote-sensing 

datasets capable of resolving three-dimensional canopy structure, such as GEDI LiDAR 

(Potapov et al., 2021). Moreover, biophysical interactions, such as hydrothermal 
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coupling and soil microbial community dynamics, also modulate post-fire recovery 

trajectories and should be incorporated into analyses at finer scales (Certini, 2005; 

DeBano, 2000). 

6.4.3 Fire has a small role in long-term carbon uptake dynamics in Australia 

Because of this strong and rapid post-fire recovery, the fire-induced GPP losses are 

unlikely to have solely long-term effects on the interannual GPP difference, thereby 

explaining the previously observed limited impacts of fire on the interannual variability 

of biomass and carbon sinks (Beringer et al., 2007; Qin et al., 2022). Even during the 

devastating forest fires of 2019, the strong and rapid precipitation-induced intra-annual 

recovery resulted in the GPP losses from that year's fires not being significant at the 

interannual scale. In the subsequent three years (2020-2022), GPP continued to increase 

significantly due to above mean rainfall, particularly in Forest. This evidence suggests 

that vegetation recovery might have reabsorbed a large fraction or the totality of the 

2019 forest emissions from burned biomass, contrary to what some studies had 

suggested (Abram et al., 2021; van der Velde et al., 2021). Furthermore, these findings 

help explain a recent study on Australia’s carbon budget, where net fire emissions (9.9 

TtC yr⁻¹) are significantly lower than total gross fire emissions (158 TtC yr⁻¹) 

(Villalobos et al., 2023).  

Other work tracking aboveground biomass change after fires suggests that the 

impact of fires on Australia's living carbon stock currently remains within the bounds 

of ecosystem self-repair (Byrne et al., 2021; Qin et al., 2022). We acknowledge that our 

study and those cited above are restricted to post-fire vegetation carbon uptake 
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dynamics and do not quantify other fire-induced carbon fluxes, including the 

combustion and respiration of carbon in soils and litter, and increased erosion and 

carbon transport into inland waters and coastal zones. 

   We also note that increased fire frequency in forests and total burned area in the whole 

of Australia have already been observed over the past three decades (Canadell, Meyer, 

et al., 2021). With a warming climate and rainfall becoming more variable, Earth 

System models suggest an increase in fire intensity and a lengthening of the fire season 

in many regions of the world, including Australia (Jones et al., 2022). We acknowledge 

that our results are based on a decade of fires and GPP postfire recovery in a country 

where the climate and fire occurrence is highly variable in time frames of years to 

decades. 

Future research can further investigate the role of this GPP recovery pattern in 

atmospheric CO2 dynamics to comprehensively quantify the impact of fires on carbon 

dioxide anomalies in Australia. That will need to include the incorporation of post-fire 

recovery into simulations of Earth system models (e.g., CESM’s CLM5, ORCHIDEE, 

LP-GUESS, JSBACH) (Lawrence et al., 2019; Yue et al., 2014), as we found that a 

large portion of fire pixels recover their GPP within a year, which may lead to models 

overestimating fire-induced losses if they ignore such a fast recovery process. Other 

processes, such as full biomass and soil carbon dynamics, and the ultimate fate of 

carbon transported into inland water bodies and coastal zones are also needed. 

6.5 Conclusion 

This chapter systematically analyzed Australia's post-fire GPP recovery trajectories of 
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all fires from 2011 to 2019. The findings reveal a strong and rapid post-fire recovery in 

Australian ecosystems, highlighting the GPP resilience and adaptability to fire 

disturbances. Climate intensification is expected to exacerbate fires and heighten the 

risk of terrestrial carbon sink loss, making it essential to deepen understanding of this 

climate-driven post-fire recovery (Burton et al., 2024; Stevens‐Rumann et al., 2018). 

Our results provide new insights into the long-term impacts of fire on ecosystem 

functionality and carbon anomaly in Australia. Future research should further 

investigate the dynamics of biomass and soil carbon dynamics, the role of land use 

changes, hydrothermal coupling, soil microbial dynamics, and shifts in ecosystem 

structure as driving factors to comprehensively assess the potential mechanisms of this 

recovery pattern and the associated risks of carbon loss under future warming scenarios. 
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Chapter 7 : Application of GPP dataset: a case study of first-

year post-fire recovery of vegetation productivity in 

northern high latitude forests  

ABSTRACT 

Forests in high northern latitudes (north of 40oN) constitute one of the largest terrestrial 

carbon reservoirs in the world. In recent years, climate change has exacerbated forest 

fires, which result in forest area loss and forest degradation. Here, we assessed the 

spatiotemporal distribution of the recovery of forest CO2 uptake (gross primary 

production, GPP; 500-meter spatial resolution) after the first-year since fire in the 

region from 2002 to 2022. We show that, on average, GPP recovered to 85% of its pre-

fire levels within one year, with a large spatial variation driven by tree species. First-

year post-fire GPP recovery in needleleaf forests (80%) was lower than broadleaf 

forests (88%). First-year post-fire GPP recovery decreased over time since late 2000s. 

The decline was primarily driven by increasing fire intensity and severity, coupled with 

higher vapor pressure deficit (VPD) and air temperature, as well as reduced soil 

moisture. The results from this study elucidate the spatiotemporal patterns of post-fire 

CO2 uptake recovery in high-latitude forests and identify the key factors governing that 

recovery. These findings could be used to improve Terrestrial Biosphere Models and 

Earth system models that simulate carbon fluxes and their net impact on the 

atmospheric CO2 concentration. 
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7.1 Introduction 

Forests in northern high latitudes (north of 40oN) are a crucial component of the 

biosphere (Esseen et al., 1997) and are characterized by deep organic soil layers and 

large vegetation biomass (Magnani et al., 2007; Tagesson et al., 2020). Northern high-

latitude forests are recognized as one of the largest terrestrial carbon reservoirs in the 

world (Harden et al., 2000; Lorenz, 2010), storing approximately 32% of the total 

carbon in the terrestrial biosphere (861 ± 66 Pg C) and contributing around 21% of the 

global terrestrial carbon sink (Magnani et al., 2007; Pan et al., 2011).  

Wildfires have significant impacts on forests in northern high latitudes, ranging 

from forest area loss to various degrees of damage (forest degradation), depending on 

wildfire intensity and severity (Bond et al., 2005; Flannigan et al., 2009). Wildfires 

result in large losses of plant biomass (leaf, stem and trunk), corse woody debris, 

litterfall, and soil organic matter (Boby et al., 2010; Fan et al., 2023). Between 2010 

and 2019, Siberian forests had substantial losses of aboveground biomass, 

predominantly attributed to wildfires (Fan et al., 2023). CO₂ emissions from forest 

wildfires in northern high latitudes have been increasing since 2000, reaching a record 

high in 2021 (Zheng et al., 2023). Driven by wildfires, some boreal forest regions had 

shifted from carbon sinks to carbon sources, despite their historically stable role as 

carbon sinks over the past millennia (Brovkin et al., 2016). Wildfires have been 

considered a major driver of the forest carbon balance (Bond-Lamberty et al., 2007; 

Harden et al., 2000; Tagesson et al., 2020; Virkkala et al., 2025; Walker et al., 2019; 

Wilkinson et al., 2023) 



218 

 

Quantifying post-fire recovery by years provides a critical measure of forest 

ecosystem resilience (Tepley et al., 2018). Many in-situ studies have reported post-fire 

recovery of deforested stands and degraded forest stands (Barlow et al., 2008; Bond-

Lamberty et al., 2007; Johnstone et al., 2004; Johnstone et al., 2010; Kim et al., 2024). 

Most of these studies have examined the long-term post-fire recovery trajectory 

(Johnstone et al., 2004; Johnstone et al., 2010). However, assessing resilience of forest 

in northern high-latitudes to wildfires through long-term recovery remains challenging, 

as the recovery of forests often spans decades and is influenced by multiple external 

factors, including climate-induced shifts in hydrothermal conditions and various 

anthropogenic management interventions (Bao et al., 2024; Bartels et al., 2016; Gitas 

et al., 2012; Meng et al., 2015). In the past decades, the boreal zone experienced large 

and continued rise in air temperature (Bekryaev et al., 2010), which may affect post-

fire recovery. The post-fire recovery in early years (e.g., first-year after the fire) is also 

important, which involves pioneer seed germination, soil property modifications, and 

microbial community structural and functional reorganization, all of these processes 

collectively determine the initial post-fire carbon flux and lay the foundation for 

recovery in subsequent years (Bartels et al., 2016; Holden et al., 2016; Yakun Zhang et 

al., 2017). To date, most studies have focused on specific years or local areas in northern 

high latitudes (Boby et al., 2010; Bond-Lamberty et al., 2007; Gauthier et al., 2015), 

and consequently, the spatial and temporal dynamics of forest post-fire recovery in the 

early years remain poorly understood. In addition, most studies using time series 

satellite images at moderate spatial resolutions to track post-fire recovery have not fully 
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investigated the relative effects of  wildfire intensity and severity on temporal variations 

in CO2 uptake (Hermosilla et al., 2018). Therefore, an assessment of post-fire recovery 

of forests in early years across the entire northern high latitudes is needed, which are 

likely to be affected by global warming and climate variation. 

Post-fire recovery of vegetation has been measured by the temporal changes of 

several variables. Many publications used time series vegetation index data derived 

from satellite images with high (tens of meters, HSR) and moderate (hundreds of meters, 

MSR) spatial resolutions to assess the wildfire impacts (resistance) and post-fire 

recovery (resilience) (Bao et al., 2024; Qin et al., 2022; Woodgate et al., 2025; Xu et 

al., 2024). Some publications used vegetation aboveground biomass to assess fire 

impacts and post-fire recovery (Qin et al., 2021). Vegetation photosynthesis or gross 

primary production (GPP) is a crucial component of the carbon budget (Anav et al., 

2015; Frankenberg et al., 2011), and  has also served as one of the major indicators of 

post-fire recovery (Woodgate et al., 2025; Xu et al., 2024).  

In this chapter, we conduct a comprehensive analysis of the spatial-temporal 

characteristics of forest fires and the first-year post-fire GPP recovery of forests across 

the northern high latitudes (north of 40°N) from 2002 to 2022. Specifically, we aim to 

address the following three scientific questions: (1) What are the spatial-temporal 

characteristics of forest fires in northern high latitudes (i.e., fire intensity, fire severity, 

burned areas, fire-induced forest loss (deforestation) and degradation) during 2002 to 

2022? (2) How much does CO2 uptake recover in the first year after fire (the first-year 

post-fire GPP recovery)? (3) What are the decadal trends and drivers in the first-year 
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post-fire GPP recovery during 2002 to 2022? Addressing these scientific questions will 

help reveal the mechanisms by which wildfires impact forest GPP in the region, 

providing critical insights for accurately assessing the carbon budget in the region, 

improving terrestrial ecosystem models, and formulating effective wildfire prevention, 

mitigation, and ecological restoration strategies. 

7.2 Materials and Methods 

7.2.1 Study area 

The study area encompasses all terrestrial regions north of 40° N, spanning a mosaic of 

biomes that includes evergreen needleleaf and deciduous needleleaf forests, deciduous 

broadleaf forests, etc. Contiguous needleleaf forests dominate, while broadleaf stands 

along the southern margin zones. In North America, fire‐prone taxa such as black spruce 

(Picea mariana), white spruce (Picea glauca), and balsam fir (Abies balsamea) are 

dominant, whereas Eurasian forests are dominated by larch (Larix), Scots pine (Pinus 

sylvestris), Siberian spruce (Picea obovata), and Siberian fir (Abies sibirica). The 

region’s climate transitions from a continental subarctic to a tundra climate, 

characterized by long, severe winters (mean temperatures below –10°C) and short, cool 

summers (mean temperature around 15°C). Annual precipitation ranges from 300 to 

800 mm. 

7.2.2 Fire intensity data 

Fire intensity information was obtained from the MOD14A1 v6.1 product (1-km 

resolution) and quantified using the maximum fire radiative power (MaxFRP) as an 
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indicator (Giglio et al., 2021). MOD14A1 v6.1 estimates the total radiative energy 

released per unit time using brightness temperatures from the 4 µm spectral band. As 

MaxFRP represents the peak radiative flux from the most intensely burning areas, it is 

widely used as an effective proxy for fire intensity (Jie Zhao et al., 2024). Given that 

the active fire detections in MOD14A1 v6.1 do not always spatially overlap with the 

burned area pixels in MCD64A1 v6.1, we assigned an FRP value to each burned area 

pixel by selecting the nearest active fire pixels. 

7.2.3 Burn area data 

Burned area information was obtained from the MCD64A1 v6.1 product (500-meter 

resolution). MCD64A1 v6.1 integrates multi-source data sources—including surface 

reflectance, active fire, and land cover type—to comprehensively detect burned areas. 

Compared to its predecessor, MCD45A1, MCD64A1 significantly improves the 

accuracy of detecting small burned patches, reduces uncertainties in burn date 

estimation, and effectively minimizes unmapped areas (Giglio et al., 2018). Previous 

studies have evaluated the reliability of the MCD64A1 product. For instance, 

comparisons between MCD64A1 and 30-meter resolution Landsat reference data 

indicate that, at the global scale, the estimated error of MCD64A1 is approximately 

40%. However, this error is primarily attributed to tropical forests, temperate forests, 

and Mediterranean biomes, where errors exceed 50%. In contrast, within the Northern 

high-latitude biome, MCD64A1 exhibits a lower omission error of only 27%, which is 

partially offset by an estimated commission error of approximately 24% (Boschetti et 

al., 2019; Giglio et al., 2018). Therefore, in the context of Northern high-latitude forests, 
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the accuracy of MCD64A1 for burn area detection can be considered within an 

acceptable range. Here, we aggregated all burned area pixels from MCD64A1 annually 

from 2002 to 2022. 

7.2.4 Fire severity data 

Fire severity is a measurement on the impacts of fire on vegetation (fire-induced loss 

of vegetation structure or function) and the resistance of vegetation to fire. In this study, 

fire severity was quantified using the widely applied index, the Relative Differenced 

Normalized Burn Ratio (RdNBR). RdNBR calculates the difference in vegetation 

surface reflectance before and after fire events, with relative normalization, to quantify 

the severity of vegetation damage in burned areas. RdNBR was calculated by near-

infrared (NIR) and shortwave infrared (SWIR2) bands (Miller et al., 2007): 

NBR =  
ρ

nir
 −  ρ

swir2

ρ
nir

+  ρ
swir2

(7.1) 

dNBR = NBRpre-fire −  NBRpost-fire (7.2) 

RdNBR =  
dNBR

√NBRpre-fire

(7.3) 

Where ρ
nir

 and ρ
swir2

 are the surface reflectance of the NIR and SWIR2 bands from the 

MOD09A1 v6.1 product (Vermote, 2015). The Differenced NBR (dNBR) quantifies 

the absolute vegetation loss caused by fire and was calculated as the difference between 

pre-fire and post-fire NBR values (Alonso-González et al., 2021; Miller et al., 2007). 

Here, we applied a five-observation time window centered on the fire occurrence date. 

The pre-fire NBR (NBRpre-fire) was calculated as the mean of two 16-day observations 

preceding the fire, while the post-fire NBR (NBRpost-fire) was calculated as the mean of 
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two 16-day observations following the fire. 

7.2.4 Forest cover data 

Forest map information was obtained from the MCD12Q1 v6.1 dataset (500-meter 

resolution). MCD12Q1 v6.1 provides global land cover classification layers since 2001, 

generated using machine learning algorithms and time-series smoothing techniques 

(Sulla-Menashe et al., 2018). We selected the LAI/fPAR (Leaf Area Index/Fraction of 

Absorbed Photosynthetically Active Radiation) classification scheme, as LAI/fPAR is 

closely linked to vegetation CO2 uptake. In the MCD12Q1 classification, forest pixels 

are defined based on a minimum tree height of ≥2 m and a canopy cover of ≥60%. This 

product categorizes forests into four major types: evergreen broadleaf forest (EBF), 

deciduous broadleaf forest (DBF), evergreen needleleaf forest (ENF), and deciduous 

needleleaf forest (DNF). Based on these four categories, we further classified forest 

types for each year from 2002 to 2022 as follows: forest (composed of EBF, DBF, ENF, 

and DNF), needleleaf forest (NF, composed of ENF and DNF), and broadleaf forest 

(BF, composed of EBF and DBF). 

7.2.5 ERA5-Land reanalysis climate data 

The ERA5-Land reanalysis climate data (~0.1-degree, hourly), developed by the 

European Centre for Medium-Range Weather Forecasts (ECMWF), is specifically 

designed for land surface variables (Muñoz-Sabater et al., 2021; Muñoz Sabater, 2019). 

In this study, we used ERA5-Land air temperature, surface solar radiation, and 

volumetric soil water content in the 0 to 7 cm layer to examine interannual variability 
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in climate and near-surface moisture. Vapor pressure deficit (VPD) was also calculated 

by using air temperature and dewpoint temperature. 

7.2.6 Gross primary productivity data 

We used the global GPP dataset estimated by the Vegetation Photosynthesis Model 

(VPM v3.0) in Chapter 4. Here, we utilized data from the global VPM estimation 

spanning from 2000 to 2023 for analysis. 

7.2.7 Post-fire GPP recovery analyses 

First-year post-fire GPP recovery is assessed by comparing pre-fire and post-fire GPP. 

Pre-fire GPP serves as a reference (reference GPP), representing the normal state of 

productivity before wildfire disturbance. The ratio of GPP in the first-year post-fire to 

the reference GPP (denoted as β) indicates the first-year post-fire GPP recovery. There 

are typically three methods (Figure 7.1): (1) comparing the relative change in total 

annual GPP pre- and post-fire, (2) comparing the relative change in total GPP in the 

growing season (GS) pre- and post-fire, and (3) analyzing the regression slope of an 8-

day GPP time series pre- and post-fire. While the first two methods provide a rapid 

assessment of the overall impact of fire on productivity, they lack insights into the 

seasonal dynamics of post-fire recovery, e.g., fire may disrupt the onset of spring 

phenology, suppress summer growth peaks, or induce premature autumn senescence. 

In contrast, the third method uses an 8-day pre-fire GPP time series as a reference and 

applies linear regression to assess recovery rates over 46 consecutive 8-day windows 

in the first post-fire year. This method integrates both recovery magnitude and seasonal 
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dynamics, offering a comprehensive characterization of post-fire recovery processes. 

We applied this regression-based method to quantify first-year post-fire GPP recovery 

(Figure 7.1). For each burned forest pixel (500-meter resolution), the pre-fire GPP 

reference curve (GPPpre-fire, i ) was constructed using GPP data from the three years 

preceding the fire, considering only years without fire. This reference curve was based 

on an 8-day interval GPP time series, consisting of 46 GPP values corresponding to 

each 8-day period in the year (DOY: i = 1, 9, 17, …). Each value in the reference curve 

was calculated as the means of the corresponding 8-day period across the three pre-fire 

years.  To assess relatively post-fire GPP changes, we compared the pre-fire reference 

curve with the 8-day interval GPP time series for the first year after the fire event 

(GPPpost-fire, i). A simple linear regression model without intercept was applied to obtain 

the regression slope (βGPP): 

GPPpost-fire, i =  β ∙ GPPpre-fire, i (7.4) 

β
GPP

=  β × 100% (7.5)

Then, we calculated the mean, median and standard deviation of βGPP for all burned 

forest pixels within each 2° grid cell, and report and use the mean values for further 

analyses in this chapter. 
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Figure 7.1: Post-fire GPP recovery analyses. The framework was analyzed using 

an 8-day GPP time series within a continuous five-year window. For the fire year 

t, the three years preceding the fire year (t-3, t-2, t-1) were designated as the 

reference period, during which the reference GPP (GPPpre-fire,i) was calculated as 

the mean GPP for each 8-day interval across the three years (i = 1, 9, 17, ...). The 

first year following the fire year (year t+1) was defined as the post-fire GPP 

(GPPpost-fire,i). Recovery ratio (β) was calculated to quantify post-fire GPP recovery 

using three equations: (1) the ratio of total annual post-fire GPP to total annual 

pre-fire GPP, (2) the ratio of total growing season post-fire GPP to total growing 

season pre-fire GPP, and (3) the regression slope between GPPpost-fire,i and GPPpre-

fire,i. In this study, we employed the third equation to quantify post-fire recovery. 

7.2.8 Statistical analysis 

We explored the long-term trend of βGPP across the Northern high-latitude forests and 
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within each 2° grid cell from 2002 to 2022 using simple linear regression. The 

regression coefficients were used to quantify the long-term trend of βGPP over the study 

period, including its direction and rate of change. We attributed inter-annual changes in 

βGPP with ridge regression that incorporated fire intensity, fire severity, burn area, air 

temperature, VPD, soil water, and radiation as drivers. For each driver, we calculated a 

contribution score by dividing the absolute value of its ridge coefficient by the sum of 

the absolute values of all coefficients, while retaining the coefficient sign to indicate 

the direction of influence. 

7.3 Results 

7.3.1 Forest fires in northern high latitudes (north of 40oN) during 2002-2022 

Fire intensity in northern high latitudes during 2002 to 2022 had large spatial variation 

(Figure 7.2a). The regions with the highest fire intensity were primarily concentrated in 

northeast Siberia and northern North America, whereas central North America, Europe, 

and northeast Asia exhibited relatively lower fire intensities (Figure 7.2a). Fire severity 

showed a highly consistent spatial pattern with fire intensity, with severe fire-induced 

damage observed in northeast Siberia and northern North America, while central 

Siberia, central North America, Europe, and northeast Asia experienced moderate to 

low damage Figure 7.2b). These findings suggest that wildfire disturbances had more 

severe impacts on forests at higher latitudes within the Northern high-latitude forests. 

The annual burned area across forests in northern high latitudes during 2002-2022 

ranged from 1.6 to 6.6 × 104 km2, with a mean of 3.5 × 104 km2. The spatial distribution 
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of burned areas (Figure 7.2c) indicates that wildfires predominantly occurred in Siberia, 

northeast Asia, and northern North America, with relatively few occurrences in Europe. 

The spatial distribution of the burned area, fire intensity, and fire severity does not fully 

align with each other. The regions experiencing lower-intensity fire disturbances tend 

to exhibit faster biomass accumulation, making them more prone to frequent fire 

recurrence. 

Based on the distribution of forest types across the northern high latitudes (Figure 

7.2d), the regions with higher fire intensity and severity are predominantly covered by 

needleleaf forests (NF), while the regions with relatively lower fire intensity and 

severity are predominantly covered by broadleaf forests (BF). This finding suggests 

that different forest types exhibit distinct responses to wildfire disturbances, warranting 

further investigation into their fire resilience and recovery dynamics. 

 

Figure 7.2: Overview of forest fires in the northern high latitudes (north of 40°N) 
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from 2002 to 2022. The maps show multi-year averages, with all datasets 

resampled to a 2° resolution. a. Forest fire intensity (maximum fire radiative 

power (MW), data source: MOD14A1). b. Forest fire severity (RdNBR, data 

source: calculated from the multi-spectral product MOD09A1). c. Forest burn 

area (data source: MCD64A1). d. The spatial composition of needleleaf and 

broadleaf forests (data source: MCD12Q1), where greener shades indicate a 

higher proportion of broadleaf forests (BF), while browner shades represent a 

higher proportion of needleleaf forests (NF). 

7.3.2 Spatial patterns of first-year post-fire recovery of GPP (βGPP) in forests 

There is considerable spatial variation in βGPP across forests in the northern high 

latitudes (Figure 7.3a). βGPP was relatively lower in Siberia and Northern North America, 

where values ranged between 50% and 80%. In contrast, Northern Europe and Northern 

Asia had relatively higher βGPP, exceeding 80%. The average βGPP across forests in the 

entire northern high latitudes were 85%, indicating that, on average, GPP recovered to 

85% of its pre-fire level within one year. The regional variation in βGPP is fundamentally 

driven by the differing responses of forest types to wildfires. The mean βGPP for 

needleleaf forests (β
GPP

NF
) and broadleaf forests (β

GPP

BF
) across the northern high latitudes 

were 80% and 88%, respectively (Figure 7.3b, c). This suggests that, compared to 

broadleaf forests, needleleaf forests experience more significant fire impacts and have 

smaller first-year post-fire GPP recovery. We divided the northern high latitude region 

into four subregions: Siberia, Northern North America, Northern Asia, and Northern 

Europe, and calculated the mean values of βGPP in these four regions. The results show 
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that βGPP is highest in Northern Asia and Northern Europe, followed by Siberia, with 

Northern North America exhibiting the lowest βGPP (Figure 7.3d-e). 

 

Figure 7.3: Post-fire recovery of forest GPP across the northern high latitudes. a, 

b, and c are the spatial distribution of βGPP, β
GPP

NF
 (for needleleaf forests), and β

GPP

BF
 

(for broadleaf forests), respectively. The maps show multi-year averages, with all 

datasets resampled to a 2° resolution. The red solid lines are regression fits based 

on segmented functions, while the green dashed lines are the breaking points (BP). 

d, e, and f are the mean values divided into four regions (Siberia, Northern North 

America, Northern Asia, and Northern Europe) corresponding to a, b, and c, 

respectively. 

7.3.3 Temporal change of first-year post-fire recovery of GPP (βGPP) in forests 

We examined inter-annual changes in forest βGPP across the northern high latitudes in 

2002 and 2022 (Figure 7.4a). On the average, the forest βGPP time series data can be 

divided into two phases: 2002-2007 and 2008-2022. βGPP showed no significant inter-

annual changes from 2002 to 2007 (R² = 0.01, p = 0.882), but decreased significantly 
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from 2008 to 2022 (R² = 0.85, p < 0.01), at an average rate of 0.85% per year. We further 

examined concurrent trends in fire intensity, fire severity, burned area, temperature, 

VPD, soil water, and radiation for each period. From 2002 to 2007, fire intensity, fire 

severity, and radiation decreased, while burned area, temperature, and VPD remained 

stable, and soil water increased. From 2008 to 2022, fire intensity, fire severity, burned 

area, temperature, and VPD increased, radiation remained stable, and soil water 

decreased. 

 

Figure 7.4: Interannual variability of βGPP from 2002 to 2022 in Northern high-

latitude forests. a. Time series of the annual mean βGPP, fire-related indicators (fire 
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intensity, fire severity, and burn area), and climate-related indicators 

(temperature, VPD, soil water, and radiation) across the Northern high-latitude 

forests from 2002 to 2022. Each series is calculated as an interannual anomaly. The 

dashed lines represent the simple linear regression fit curve. Simple linear 

regression was performed over two periods: 2002-2007 and 2008-2022. b. The 

contribution of driving factors to the βGPP trend from ridge regression analysis. 

The positive (+) and negative (-) signs represent the positive and negative impact 

of the driving factors on the βGPP trend. *** and * represent significance at the 

0.01 and 0.05 levels, respectively. c. Trends of the annual mean βGPP for each 2° 

grid cell from 2002 to 2022. The βGPP trend is quantified using the slope of a simple 

linear regression model, with red and blue color gradients indicating increasing 

and decreasing trends, respectively. * denote statistically significant trends at the 

0.01 level. d. Histogram of all 871 grid cells from c, where the red and blue bars 

represent the number of grid cells exhibiting increasing and decreasing βGPP trends, 

respectively. The dark blue dashed line indicates the mean βGPP trend across the 

Northern high-latitude forests. 

7.3.4 Attribution analysis of first-year post-fire recovery during 2002-2022 

Attribution analysis using ridge regression reveals that increases in fire intensity, 

fire severity, burned area, temperature, and VPD each exert significant negative effects 

on βGPP (Figure 7.4b). Fire intensity, fire severity, and burned area contributed −28%, 

−24%, and -7% respectively. Together, these three fire-related factors explain 59% of 

the observed βGPP decrease. Increasing VPD and temperature contributed −23% and 
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−10%, respectively. Radiation had a negligible negative effect (−0.3%). In comparison, 

soil water exerted a positive influence (+6%). Overall, the significant decrease in βGPP 

after 2008 is primarily attributed to larger, more intense, and more severe fires, coupled 

with higher VPD and temperature, as well as reduced soil water. Fire intensity and 

severity emerge as the major drivers. 

To further examine spatial variations, we explored βGPP trends at each 2° grid cell. 

For those grid cells with at least five observations during the study period, linear 

regression was performed, and the regression slope was used to quantify βGPP trends 

(Figure 7.4c, d). Overall, βGPP exhibited a decreasing trend across the northern high-

latitude forests, with a mean βGPP trend of -0.39% year-2. Among the 871 grid cells with 

statistically meaningful trends, 623 cells (72%) showed a decreasing βGPP trend, 

whereas 248 cells (28%) showed an increasing trend. Both decreasing and increasing 

trend grid cells were distributed across the Northern high-latitude forests without clear 

spatial clustering, although most grid cells experienced a decrease. These findings 

indicate that over the past two decades, the resilience of northern high-latitude forests 

to wildfire disturbances has progressively declined. 

7.4 Discussions 

7.4.1 First-year post-fire carbon uptake recovery in northern high latitudes 

The intensification of wildfires in recent years has led to an increased attention on the 

impact of wildfires on forests in northern high latitudes (Yang Chen et al., 2021; 

Virkkala et al., 2025; Walker et al., 2019). Although many site- and regional-scale 
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studies have highlighted the significant effects of wildfires on forest carbon dynamics 

in northern high latitudes (Boby et al., 2010; Fan et al., 2023; Virkkala et al., 2025; 

Wilkinson et al., 2023), large-scale and long-term assessments of post-fire recovery of 

forests in the region remain insufficient. Our results reveal that over the past two 

decades, GPP of forests in the northern high latitudes can recovered to 85% of pre-fire 

levels within one year, while net carbon losses are around 10% to 30% per year (Harden 

et al., 2000). Our results also reveal that post-fire GPP recovery was relatively lower in 

higher latitude regions than in lower latitude regions, in particular in Siberia, Northern 

Asia, and Northern North America, which is consistent with previous site-scale studies 

in high-latitude North America (Boby et al., 2010; Bond-Lamberty et al., 2007), but not 

observed in Europe. Our analysis shows that, across the northern high latitudes, first-

year post-fire forest CO2 uptake recovery has declined steadily since 2008, indicating 

growing loss of resilience to wildfires. The decreasing recovery magnitude echoes the 

recent report of lengthening recovery times (Lv et al., 2025) and is primarily driven by 

larger, more intense, and more severe fires, compounded by higher VPD, elevated air 

temperatures and persistent soil-moisture deficits. 

7.4.2 Trait-driven divergence in forest post-fire recovery responses to fires 

Different forest types, such as needleleaf and broadleaf forests, exhibit significant 

variations in their responses to wildfires (de Groot et al., 2013; Rogers et al., 2015). 

Our results show that GPP responses to wildfires (first-year post-fire recovery) have 

notable differences in space and tree traits (needleleaf tree vs broadleaf tree), which can 

be explained from biological and ecological characteristics of these forest types. First, 
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needleleaf forests have high resin content, dense canopy structure, and significant 

accumulation of understory fuels (thick layer of litterfall) and are more susceptible to 

fire and have more intense crown fires, resulting larger damages of trees (de Groot et 

al., 2013; Harden et al., 2000). In contrast, broadleaf forests experience relatively lower 

fire-induced losses due to their higher leaf moisture content, more open canopy 

structure, and thick bark, which provide greater fire resistance (Richardson, 2000; Scott, 

2001). Second, needleleaf forests have slower nutrient cycling, which limits their ability 

to recover and rapidly compensate for fire-induced carbon losses, whereas broadleaf 

forests have higher nutrient-use efficiency and can partially offset carbon losses through 

post-fire carbon uptake (Melvin et al., 2015). As needleleaf forests are more vulnerable 

to wildfires compared to broadleaf forests, many studies reported a shift in forest 

succession toward broadleaf-dominated ecosystems following severe wildfires (Jensen 

et al., 2021; Johnstone et al., 2010; Kim et al., 2024; Mack et al., 2021; J. A. Wang et 

al., 2020). A study in Canada found that increasing the proportion of broadleaf species 

after fire can markedly enhance post-fire recovery (Kim et al., 2024). In high-fire-risk 

areas, replacing needleleaf trees with broadleaf species to establish firebreaks could 

enhance forest resilience and recovery (Jie Zhao et al., 2024). These study and our 

findings highlight the greater fire resistance and resilience of broadleaf forests to 

wildfires than needleleaf forests, providing new scientific evidence for future wildfire 

recovery management, contributing to optimizing post-fire ecological restoration 

strategies. Therefore, while addressing climate change remains a priority, post-fire 

vegetation management should also be strengthened. 
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7.4.3 Drivers and attribution in declining post-fire recovery in Northern high-

latitude forest 

In our attribution analyses, increased fire intensity and severity have emerged as the 

two dominant factors, exerting a more substantial influence on post-fire recovery than 

the prevailing climatic conditions in the region. This finding contrasts with a recent 

global synthesis that identified climate as the primary driver of post-fire recovery (Xu 

et al., 2024), yet it concurs with several recent studies (Lv et al., 2025; Vieira et al., 

2024). Fire intensity and severity affect carbon uptake capacity directly by fire-induced 

deforestation and forest degradation (Lapola et al., 2023) and indirectly by elevating 

land surface temperatures (LST), as seedlings are highly sensitive and vulnerable to 

rising LST (Vieira et al., 2024), and warmer surfaces can feed back positively on fire 

activity, creating fire cycles that are particularly pronounced at high latitudes (Liu et al., 

2019; Jie Zhao et al., 2024). Our analysis also reveals that increasing VPD and air 

temperature decrease post-fire recovery, consistent with evidence from field 

observations, satellite products, and modelling studies (Fu et al., 2022; Hemes et al., 

2023; Lv et al., 2025). VPD and air temperature are tightly coupled, and thus high VPD 

and air temperature raise atmospheric moisture demand, force stomatal closure, 

increase respiratory costs, and decrease post-fire soil moisture, ultimately slowing the 

post-fire carbon uptake recovery (S. Li et al., 2023; Massmann et al., 2019; Meyer et 

al., 2018). These factors help explain the continuous decrease in post-fire CO2 uptake 

recovery that we have observed in high-latitude forests since the late 2000s under the 

prevailing climate regime. Nearly the entire land area north of 40° N exhibits this 
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decreasing trend, suggesting that it is challenging for forests to return to pre-fire levels, 

which could result in changes in forest types to adapt to fire (Mack et al., 2021). We are 

concerned that, if it persists, it could substantially heighten the risk of terrestrial carbon 

loss. 

7.4.4 The rising threat of fires to the northern high-latitude forest carbon 

dynamics 

Over the past decades, many publications reported the negative impacts of increased 

wildfires (spatial extent, fire intensity, frequency) and intensified climate extremes on 

terrestrial carbon fluxes and stocks in northern high latitudes (Balshi et al., 2009; Cattau 

et al., 2020; Yang Chen et al., 2021; Goetz et al., 2012; Li et al., 2025; Walker et al., 

2019). Increased fire-driven losses of forest carbon fluxes and stocks indicate a loss of 

resistance to wildfires. Wildfire-induced CO2 emissions in northern high latitudes 

continued to increase and have approached historical record levels (Van Der Werf et al., 

2017; Zheng et al., 2023). These "increased CO2 emissions from fire and reduced CO2 

uptake (GPP) after fire" in the norther high latitudes poses major concern on forests in 

the region as carbon sink, as it is difficult for post-fire carbon uptake to offset wildfire 

CO2 emissions in the short term. In the future, wildfires are expected to become more 

frequent (Yang Chen et al., 2021; Jones et al., 2022), which may accelerate the 

weakening of forest carbon sinks and even lead to their transition into carbon sources. 

In fact, a recent research has shown that due to frequent or large-scale fire disturbances, 

approximately one-third of the Arctic–Boreal Zone has already shifted from a carbon 

sink to a carbon source (Virkkala et al., 2025). To date, most current terrestrial 
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ecosystem models tend to underestimate the impact of wildfires (Hantson et al., 2016; 

Quegan et al., 2011; Van Der Werf et al., 2017). Therefore, future Earth ecosystem 

models should integrate the declining post-fire GPP recovery trend caused by wildfires 

to more accurately predict the role of northern high-latitude forests in the global carbon 

cycle and develop more effective mitigation strategies. 

7.5 Conclusion 

In this chapter, we systematically assessed the spatial-temporal characteristics of forest 

wildfires and first-year post-fire GPP recovery from 2002 to 2022 in the northern high 

latitudes. Our findings reveal significant spatial heterogeneity and trait-driven 

(needleleaf forest vs broadleaf forest) divergence in forest post-fire recovery responses 

to wildfires in the region. Additionally, we analyzed inter-annual changes and trends in 

post-fire GPP recovery and their drivers. This study fills a critical knowledge gap 

regarding the large-scale and decadal responses of high-latitude forests’ GPP to fire 

disturbance, and it highlights the heightened risk of carbon loss currently facing 

northern forests under the prevailing climate regime.  We recommend incorporating 

these findings into Earth system models to improve the accuracy of wildfire risk 

assessments and carbon cycle simulations. Future research should integrate wildfire 

monitoring, risk assessment, and post-fire recovery management to further elucidate 

carbon dynamics in the region under the combined pressures of global warming and 

increasing wildfire severity, providing a scientific basis for wildfire prevention and 

ecological restoration strategies. 
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Chapter 8 : Conclusions and perspectives 

Accurately estimating global gross primary production (GPP) is not only a central 

question in terrestrial carbon cycle research but also a fundamental prerequisite for 

quantifying the response of terrestrial ecosystems to climate change and disturbances. 

The reliability of assessments regarding carbon sink/source patterns, land–atmosphere 

feedback strength, and future scenario projections hinges directly on the precision of 

GPP estimates. Currently, substantial discrepancies remain among existing global GPP 

models and data products in terms of estimation magnitude, interannual variability, and 

long-term trends, underscoring the urgent need for continuous methodological and data-

driven improvements. 

This dissertation focuses on the classical light use efficiency (LUE) model, the 

Vegetation Photosynthesis Model (VPM), and introduces site-specific parameter inputs 

and a comprehensive set of environmental constraints into its structure and 

parameterization. Two improved versions, VPM v3.0 and VPM v4.0, were developed. 

Specifically, VPM v3.0 considers (1) light absorption influenced by chlorophyll content 

and leaf traits (broadleaf vs. needleleaf), and (2) CO2 fixation determined by plant 

functional types (C3 and C4) and site-specific effects of air temperature and water 

availability. Building on this, VPM v4.0 further incorporates the direct effect of rising 

atmospheric CO2 concentration on photosynthesis within its modeling framework. 

Accordingly, the two improved versions represent a model without CO2 (VPM v3.0, 

w/o CO2) and a model with CO2 (VPM v4.0, w/ CO2). Multi-source datasets including 
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eddy covariance flux tower observations and widely used benchmark GPP products 

were used to evaluate through systematic comparison. We evaluated the performance 

of VPM outputs at multiple spatial scales, including long-term observation sites and the 

global scale. Results show that the improved VPM models significantly improve the 

estimation of global GPP in terms of magnitude, interannual variation, and long-term 

trend. 

Although VPM has demonstrated strong robustness in estimating GPP across site, 

regional, and global scales, there remains considerable room for improvement. Future 

advancements in LUE models are expected to focus on improving input datasets and 

enhancing spatiotemporal resolution. 

At the data input level, there is an urgent need to shift from traditional vegetation 

indices to solar-induced chlorophyll fluorescence (SIF) as the primary driver. 

Vegetation indices are highly sensitive to geometric and atmospheric corrections of 

surface reflectance products. Any variation in viewing geometry or interference from 

clouds and aerosols can amplify errors, which then propagate through the LUE 

calculation chain. In contrast, SIF is a direct signal of photochemical energy release. It 

does not saturate under high leaf area index or intense radiation and is less sensitive to 

observational geometry and atmospheric disturbance. Using SIF to estimate effective 

light absorption can not only reduce uncertainty but also enhance the model’s 

responsiveness to extreme climate events such as drought and wildfire. Additionally, 

with the rapid development of high-resolution satellite constellations, unmanned aerial 

systems, and automated ground-based observation networks, future LUE models 
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should integrate machine learning, data assimilation, and uncertainty quantification 

techniques to enhance their predictive capabilities. Leveraging multi-source datasets 

with higher spatial and temporal resolution will be key to reducing uncertainty and 

improving model accuracy. 

There is a need to move beyond the daily-scale linear assumption in modeling GPP. 

VPM currently estimates GPP at a daily time step. However, future models should aim 

for a finer temporal resolution and adopt nonlinear radiation response functions at sub-

daily scales. In tropical and high-radiation regions, midday canopy light saturation is a 

common phenomenon. Models that maintain the assumption of a linear relationship 

between incident and absorbed radiation risk overestimate light absorption and thus 

GPP during peak radiation periods. Incorporating SIF-based thresholds and nonlinear 

response functions can help address this limitation. 

Building on the high-spatiotemporal resolution global GPP dataset derived by 

VPM v3.0, this dissertation further investigates the impacts of increasingly frequent 

wildfire disturbances on terrestrial ecosystem productivity and post-fire recovery 

trajectories. Focusing on fire-prone regions such as Australia and the high-latitude 

forests that serve as critical global carbon sinks, GPP is used as a proxy for vegetation 

function to reveal ecosystem resilience and sensitivities to fire behavior and climate 

conditions. These findings provide new insights into the coupled dynamics of fire and 

the carbon cycle under ongoing climate change. 

Driven by global warming, the intensification of extreme events, and increased 

fire frequency, the scale and intensity of wildfires have shown an increasing trend over 
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recent decades. To better understand how terrestrial ecosystems respond to fire, future 

research must extend to broader spatial scales, including global assessments, and 

develop integrated analytical frameworks that span biogeographic regions. Ecosystems 

across different climate zones and functional types, such as forests, savannas, tundra, 

and Mediterranean shrublands, exhibit pronounced differences in fire behavior, fuel 

structure, vegetation adaptation strategies, background climate, and soil–microbe 

feedback. These differences result in highly variable responses to fire disturbances. 

Future work should integrate high-resolution global datasets on GPP, SIF, carbon 

emissions, and burned areas. Coupling these data with multi-source machine learning 

assimilation techniques will enable a more accurate assessment of fire risks and support 

the development of targeted, data-driven fire management strategies. 

High-precision global GPP products not only enable tracking of ecosystem 

response to wildfire disturbances but also provide a foundation for assessing the 

terrestrial carbon cycle’s response to global environmental change. When coupled with 

rising atmospheric CO2 concentrations, climate reanalysis datasets, and inventories of 

extreme events such as heatwaves, droughts, and floods, the global GPP products can 

help reveal the responses of ecosystems to changing chemical, meteorological, and 

hydrological conditions. 

For scenario-based projections, integrating global GPP with various temperature 

control pathways from CMIP project and the 1.5 °C targets of the Paris Agreement 

allow for quantifying the stability of terrestrial carbon sinks under different emissions 

trajectories, as well as their contribution to the global carbon budget. Moreover, linking 
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global GPP with socioeconomic data, such as land use change, crop yields, and urban 

expansion, can support comprehensive assessments of how ecosystem service 

dynamics influence food security and human well-being. 
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