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Measuring photosynthesis: chamber-based at leaf level (snapshots)

LiCor6400 (LI6800)
CO2 & H2O concentration
PAR, temperature



Measuring photosynthesis: chamber-based at leaf level (continuous)

Liangber, Japan



Eddy Covariance (EC) Technology for direct measurement of net exchange 
of trace gases, momentum, energy, and other materials at ecosystem level

• ~2000 EC towers since the first one at the Harvard 
Forest in 1989

• Lots of experience, tools, maintenance protocols, 
data process, etc.

• Many orchestrated networks (FLUXNET, ChinaFLux, 

AmeriFlux, USCCC, ICOS, etc.)
• Beyond CO2 and H2O: CH4, N2O, CO, NOx, aerosols, 

Albedo, etc.
• Goodwill for data sharing => global synthesis and 

knowledge development
• Communication and coordinated efforts (e.g., 

FLUXNET, AmeriFlux, USCCC, etc.)
• Many more

J-Rover tested at the Kellogg Biological 
Station (KBS) in 2003



Among the Challenges are

1) 2000+ EC towers are not enough to cover all ecosystems, with their 
distributions seriously skewed

2) Most tower sites are not large enough

3) Our understanding of the regulation mechanisms on C fluxes is 
based on a few biophysical models, often empirical, such as Q10, 
Michaellis-Menten, Farquar, Penmen-Monteith, etc. 

4) There lack reliable models for CH4 and N2O fluxes

5) Life Cycle Assessment (LCA) of carbon flux is urgently needed 
because in situ NEE DOES NOT reflect C sequestration



Among the Challenges are

• 2000+ EC towers are not enough to cover all ecosystems, with their 
distributions seriously skewed

https://fluxnet.org/sites/site-summary/

https://fluxnet.org/sites/site-summary/


Among the Challenges are

Chu et al. 2021. Ag. For. Met.

• Most sites are not large enough

A switchgrass cropland at the Kellogg Biological Station



RS

Footprint Model

Spatial information

Graphic Neural 
Network (GNN)



Among the Challenges are

• Our understanding of the regulation mechanisms on C fluxes is based on a 
few biophysical models, often empirically tried, such as Q10, Michaellis-
Menten, Farquar, Penmen-Monteith, etc. 
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These are based on 
PAR & Ta, with many 
other potential 
drivers not used!

Chen 2021



Yet, we have dozens of other variables collected at an EC tower, but not used



Opportunities

1. Rich data
EC Towers

Ta, VDP, Soil, 
turbulence, 

…

Biometric
LAI, height, 

species, 
density, …

RS
EVI, cover, 
spatial Ms, 

DEM,  …

2. Evolving analytical tools

Mechanistic 
models

Computing
Power

Machine 
Learning

All contribute to the magnitude and dynamics of fluxes Mechanistic and/or empirical explorations

Accurate predictions of fluxes and underline regulations



RS Image
time series
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Scale-resolved C flux

A conceptual framework to understand EC fluxes with footprint models and 
spatial databases (RS) using Deep Learnings (RNN and GNN)



Among the Challenges are

• There lack reliable models for CH4 and N2O fluxes

Irvin et al. 2021. https://doi.org/10.1016/j.agrformet.2021.108528



Contributions of major warming/cooling species (IPCC 2013)

8.93% of CO2



Contributions of major warming/cooling species (IPCC 2021)

9.25% of CO2







• We converted three 22 year old CRP smooth brome grass fields into no-till corn, 
switchgrass, or restored prairie bioenergy crops

• The corn and perennial fields had higher annual albedo than the grassland they 
replaced—causing cooling of the local climate

• The cooling of the corn field occurred solely during the non-growing season—especially 
when surfaces were snow-covered, whereas the cooling of the perennial fields was more 
prominent during the growing season

• The annual albedo-induced climate benefits add ∼35% and ∼78% to the annual 
biogeochemical benefits provided from the switchgrass and restored prairie fields, 
respectively, and offset ∼3.3% of the annual greenhouse gas (GHG) emissions from the 
corn field



Albedo-inducted Global Warming Potentials due to land cover and land use changes (LCLUC)



Future



Net Ecosystem Production (NEP) of a corn field in SW Michigan

NEP of a corn field from the flux tower and harvesting

Abraha et al. in prep.

~4.0 Mg C. ha-1 yr-1

~1.9 Mg C. ha-1 yr-1

The fate of harvested 
biomass determines 
the real NEP of the 

ecosystem

Careful spatial and temporal “life cycle assessment (LCA)” is needed for 
realistic estimates of GWP (i.e., it is about the differences!)



Questions

1) Did IPCC Underestimate This Contrition? 
2) Was this due to intensified land use and land cover changes that 

elevated albedo (i.e., more cooling effects)? or
3) Is it within the uncertainty of estimate of IPCC?

Further questions

1) What are the albedo-induced RF values of different terrestrial ecosystems?

2) What are the direct implications for land management, such as credit claims?



Machine Learning in flux studies?

Speech Recognition

Human expertise does not exist

Personalized Medicine

Models must be customized

Genomics

Huge amounts of data

Credit: Dr. Jiliang Tang



The fundamental concept of Machine Learning (ML) in flux studies

All bio-physical variables are responsible, at various degrees, for the magnitude and 
dynamics of fluxes, with known or unknown mechanisms.

Complex tasks Continuously updated

Credit: Dr. Jiliang Tang



Deep Learning vs Traditional Machine Learning

Credit: Dr. Jiliang Tang

Partial knowns & unknowns
In flux studies

WD, WS, U*, CO2, 
RH, …

Fc

Common Knowledge
In flux studies

Ta, VPD, Ms, PAR, 
Rn, DOY, G, Ts, …

Fc



Proposed architecture of GNN & RNN for estimating model parameters with 
partially known, or unknown mechanisms by assuming missing values of 
∅𝑖𝑗 𝑡 𝑎𝑛𝑑 VI(t) at any giving time (t) and space (i,j) (i.e., nodes) 

RNN GNN



In sum,

• Holistic approach by including all warming species (CO2, N2O), CH4, albedo, etc.)
• Best use of all spatial and temporal data
• Effective applications of AI technology



Higher Education Press (HEP)

• Book series with a strong focus on ecology/environment/climate change
• Dr. Yan Guan has a desk


