
“However, there is 

little detail … on how 

the goal will be met or 

… how it will be 

monitored”
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Attributing human and 
bioclimate impacts to 
carbon loss in tropical 
forest

6th Nov 2021
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REDD+ finance buffer against fires

1.If carbon is lost to a fire event, is it meteorological or direct human 

(mis-)management. 

2.How big should this buffer be?

3.Can we determine where forest are vulnerable to future changes in fire?

Slash and burn agriculture in the Amazon,

Matt Zimmerman

2019 fires in the Amazon rainforest by

ESAs Luca Parmitano on the ISS

Slash and burn agriculture in the Amazon,

Matt Zimmerman

● Countries are paid to retain forest carbon, with payments approuching 

$1billion.

● A “buffer” is set aside should fire damage carbon stocks.

1.If carbon is lost to a fire event, is it meteorological or direct human 

(mis-)management. 



Tools/data

● Observations of above ground 

carbon for specific points in time

● Observations of annual burnt area, 

and semi-observations of fire carbon 

emissions

● Modelled above and soil carbon, fire 

and fire carbon emissions
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Simple bias correction.

Per grid cell:

1.Bias correct:
a. JULES fire emissions to GFAS observations and apply change to 

modelled AGC
b.JULES above ground carbon pools to CCI observations in 2010, 2018, 

2019
2.Apply a spline interpolation to years in between observations.
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Historic carbon 
losses
Combining satellite observations 
and JULES-ES simulations to 
estimate forest carbon (green) 
and the % lost to fire each year 
(red)
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Sullivan et al (in press) Spreading like Wildfire: The Rising Threat of Extraordinary Landscape Fires, UNEP RRA



Problems still

1.How much fire was meteorological or human?

2.If not fire, how much is active deforestation, mismanagement or 

meteorological?

3.What is the unbalanced

4.What is the long term change in storage after these events?

5.Assumes observations are truth

6.How do we go beyond last ABC observation?

7.How confident are we in our results?
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Fire under “same” bioclimatic conditions (0.4 < 
fuel < 0.6; 0.8 < flammability)

Burnt area (on a “logit” scale)

P
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b
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Uncertainty in modelling fire/human fires 
makes traditional attribution hard

We model burnt areas as a possibility 
distribution, which includes uncertainty and 
biases in the fire model after optimization.

Driven just by varying meteorology tells use 
how likely a fire event was caused by weather 
conditions

Attributing causes of 
fires
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Higher but 
expected burnt 
area

Higher and 
unlikely burnt area

Kelley et al (2019) How contemporary bioclimatic and human controls 

change global fire regimes. Nat. Clim. Chang. doi:10.1038/s41558-019-

0540-7
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Example: 2019 Amazon burnt area

Most burning 
since MODIS 
started

Meteorological conditions 
suggest drier west, wetter 
east
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Example: 2019 Amazon burnt area

Kelley et al (2021) Technical note: Low meteorological influence found in 

2019 Amazonia fires, doi:0.5194/bg-18-787-2021,
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What next for REDD+ buffer

● (de-)Attribute fire emissions and carbon loss as well as burnt area

● Run for all participating countries 

● Use to explatolate medium term carbon risk (i.e buffer size)

● Determine long term carbon risk (i.e climate change vulnerability)

It is unlikely (6-7%) that weather conditions 
caused 2019 Amazonia fires.
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Douglas Kelley,  Chantelle Burton. 

Rob Parker, Dong Ning, Joshua Chew, 

Camilla, Mathison,  Tiina Kurvits, 

Andrew Sullivan,  Gabriel Labbate, 

Elaine Baker, Chris Huntingford,

Rhys Whitley, Megan Brown. 
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3) Future carbon 
risk

http://drive.google.com/file/d/1O_Gq-YZ5QoRUkCumC_56dQ3-rqR1yivj/view
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Douglas Kelley (UKCEH) Chantelle Burton (UKMO)

Rhys Whitley (Suncorp) Rahayu Adzhar (Uni of Miami)

France Gerard (UKCEH) Megan Brown (OU)

Dong Ning (Imperial) Camilla Mathison (UKMO) 

Chris Huntingford (UKCEH) Toby 

Marthews (UKCEH) Joshua Chew (U. of Sydney)

Rob Parker (NCEO) Tiina Kurvits (GRID)

Elaine Baker (GRID) Ioannis Bistinas 

(Cognizant Benelux) Andrew Sullivan (CSIRO)

Gabriel Labbate (UNEP)

Evidence-based uncertainty 



What I’d like to doing
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Alex Cumming

Cervest. earth

Artem Podrez

ThisIsEngineering

Variable

Models

Evaluate

Interpret



Probability of what you 

see given what you 

believe.

Update beliefs
19

Alex 

Cumming

Cervest. earth

Artem 

Podrez

ThisIsEngineering

Variable

P
ro

b
ab

il
it

y

● Tests expert opinion with evidence reducing confirmation bias

● Uncertainty preserved through analysis, and different models 

complement each others output rather than disagree.

●Outputs flow directly from evidence.
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Bayesian representation under “same” 
bioclimatic conditions (fuel ~0.5; 0.8 < flammability)

Burnt area (on a “logit” scale)

P
ro

b
.
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Bayesian representation under “same” 
bioclimatic conditions

Burnt area (on a “logit” scale)

P
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b
.
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Bayesian representation under “same” 
bioclimatic conditions

Burnt area (on a “logit” scale)

P
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b
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ConFire

flickr/CharlesEi1 flickr/Vinicius Depizzol

flickr/j_arred

iStock/My Photo Buddy

flickr/Pierre Markuse

flickr/Pierre Markuse
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Amazonia 2019 fires attribution

Kelley et al (2021) Technical note: Low meteorological influence found in 

2019 Amazonia fires, doi:0.5194/bg-18-787-2021,



What I’m paid to do
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Historic carbon 
losses
Combining satellite observations 
and JULES-ES simulations to 
estimate forest carbon (green) 
and the % lost to fire each year 
(red)
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Sullivan et al (in press) Spreading like Wildfire: The Rising Threat of Extraordinary Landscape Fires, UNEP RRA



Mean Annual temp. (℃) 

Tree cover (%) 

Forest aboveground 

carbon (kgC/m2) 

Belowground carbon (kgC/m2) 

JULES-ES-ISIMIP



What I’d like to do in Net0+
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Monitoring Projecting
S

ci
e

n
ce

U
n

ce
rt

a
in

ty
Matt/Emma -
developing near 
real time JULES to 
monitor carbon 
losses 

Combine with uncertainty based 
DA to attibute causes of changes in 
Carbon

Emma/Becky/
Sonja -
incorpate 
carbon & trade-
offs into JULES-
ES

Use uncertainty 
schemes to 
assess 
confidence in 
trade-offs/
co-benfits
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Douglas Kelley (UKCEH) Chantelle Burton (UKMO)

Rhys Whitley (Suncorp) Rahayu Adzhar (Uni of Miami)

France Gerard (UKCEH) Megan Brown (OU)

Dong Ning (Imperial) Camilla Mathison (UKMO) 

Chris Huntingford (UKCEH) Toby 

Marthews (UKCEH) Joshua Chew (U. of Sydney)

Rob Parker (NCEO) Tiina Kurvits (GRID)

Elaine Baker (GRID) Ioannis Bistinas 

(Cognizant Benelux) Andrew Sullivan (CSIRO)

Gabriel Labbate (UNEP)

Evidence-based ucertainty 
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http://drive.google.com/file/d/1O_Gq-YZ5QoRUkCumC_56dQ3-rqR1yivj/view
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Wildfires are extreme (1-in-100) burnt areas
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Sullivan et al. in review

Fuel load Fuel dryness

Likely changes in wildfire by 2100



Relationships between carbon 
flux/environmental conditions
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How we’ve used it
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37Burnt area (on a “logit” scale)

Bayesian representation under “same” 
bioclimatic conditions

P
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b
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What I do AND like doing :)
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●Wildfire as an example using uncertainty quantification to do 
some super policy-relavent analysis.
○ Future projections
○ Event attibution
○Historic fire regime drivers.
● Other stuff:
○ Satellite product validation
○Water body detection
○ Ecosystem demography
○ Last Glacial Maximum veg distribution
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1) Optimize

2) Spread

Uncertainty in what's in the model

Uncertainty from what we don’t 

simulate.

Data Assimilation+uncertainty

East Africa Forest carbon content at 

25℃, 1500mm
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Impact of anthropagenic climate change on 
burnt area.
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Example: 2019 Amazon burnt area

Most burning 
since MODIS 
started

Meteorological conditions 
suggest drier west, wetter 
east
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Example: Amazon burnt area

Kelley et al (2021) Technical note: Low meteorological influence found in 

2019 Amazonia fires, doi:0.5194/bg-18-787-2021,



2) Historic carbon 
losses
Combining satellite observations 
and JULES-ES simulations to 
estimate forest carbon (green) 
and the % lost to fire each year 
(red)
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Sullivan et al (in press) Spreading like Wildfire: The Rising Threat of Extraordinary Landscape Fires, UNEP RRA
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INTENZ+ - global model

● Test the effectiveness of land-based climate mitigation strategies

● Monitor/verify ongoing carbon sequestration efforts.

● Trade-offs and co-benefits with food security and wildlife

● Resilience to future environmental impacts

● Using JULES-ES ran with ISIMIP

● Developing optimization system to improve model/capture 

uncertainty.
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JULES-ES-ISIMIP

● 50km, daily carbon, water flux & storage

● Split between “plant types” (tree, shrub, grass, board/needle, 

evergreen/deciduous, c3/c4 photosynthesis, natural vs agricultural)

● Driven by observed climate to (almost) present day

● 4(5) Climate model projections 1860-2100, bias corrected to present 

day

● 2(4) future emissions scenario.



Mean Annual temp. (℃) 

Tree cover (%) 

Forest aboveground 

carbon (kgC/m2) 

Belowground carbon (kgC/m2) 
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Example: Amazon burnt area

Kelley et al (2021) Technical note: Low meteorological influence found in 

2019 Amazonia fires, doi:0.5194/bg-18-787-2021,
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Changes in burnt area

Absolute (old way) Significant (new likelihood way)

Sullivan et al. in review
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JULES model(s)

● There isn’t a JULES

● Don’t assume we don’t 
simulate something based 
on a JULES configuration 
you’ve used before

● If your unsure what JULES 
config to use, ask

HydroJULES GLxJULES-ES

UKESM ISIMIPTRENDY

v1 v1.1 fast dev +fire +fire 2b/3a



What JULES-ES does

●Runs globally (though mostly showing tropics today)

●Historic & future veg composition/carbon/hydrological 

fluxes, stores:
○ interactive through UKESM
○Using multiple climate models with ISIMIP
●Combining JULES with observations for impact 

assessment.

●Note: plots are a mix of JULES-ES-TRENDY, ISIMIP and 

UKESM. But most can be done in ISIMIP 52



Competing plants types (JULES-ISIMIP)
Trop. BL

Temp. BL

Dec BL

EG NL

Dec NL

EG shrub

DEC shrub

C3, C4 grass

Crop & pas53



Historic gridded/temporal carbon stores
(TRENDY)
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Historic gridded/temporal burnt area
(TRENDY, ConFire)
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Land use impacts
(HYDE)
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Historic gridded/temporal environment
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Historic gridded/temporal environment
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Relationships between carbon 
flux/environmental conditions
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3) Future carbon 
risk from fire

http://drive.google.com/file/d/1O_Gq-YZ5QoRUkCumC_56dQ3-rqR1yivj/view


JULES-ES “gaps” (that we’re working on)

●There are biases in the model

●Uncertainty in Land Surface Science

●Uncertainty in future emissions and climate response.

●Using this uncertainty for impacts projections.
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Problem 1: models biases
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Carbon finance buffer - bias corrected forest 
carbon

For UNEP 

to calculate 

finance 

“buffer”



For a UK site

Optimizing pedotransfer

From Liz Cooper 

(Cooper et al. HESS 2021)
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Assimilating soil moisture observations
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Problem 2: Obs. & land surface science is 
uncertain



Proxy for impact 
(veg mortality impact in dev.)

L
ik

e
li

h
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d

Likelihood of future impact

● Instead of projecting one future, 

calculate the likelihood of all 

possible futures

●Useful for very any impacts with 

high uncertainty? (not just fire)
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Problem 3: Uncertain future emissions and 
climate response
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JULES-ISIMIP
● Driven by multiple bias 

corrected models
● Over 3 different emissions 

scenarios
● Ongoing dev. for data 

assimilation
● Seems to perform better than 

TRENDY
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Douglas Kelley (UKCEH) Chantelle Burton (UKMO)

Chris Huntingford (UKCEH) Rhys Whitley 

(Suncorp) Megan Brown (OU) Dong Ning (Imperial)

Joshua Chew (U. of Sydney) Rob Parker (NCEO)

Tiina Kurvits (GRID) Elaine Baker (GRID)

Ioannis Bistinas (Cognizant Benelux) Toby 

Marthews (UKCEH) Camilla 

Mathison (UKMO) Andrew Sullivan (CSIRO)

Gabriel Labbate (UNEP)

JULES carbon(ish) capability for 
NC I stuff
UKESM, TRENDY, ISIMIP and ConFire teams…
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Attributing drivers

72
Kelley et al (2019) How contemporary bioclimatic and human controls 

change global fire regimes. Nat. Clim. Chang. doi:10.1038/s41558-019-

0540-7
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REDD+ finance buffer against fires

● Countries are paid to reduce forest carbon emissions.

● If a disturbance causes a loss which is not the fault of the country, 

RED++ holds some of the finance in a “Buffer” - a bit like insurance

● Fire is tricky cos it could be meteorological or direct human 

management

Slash and burn agriculture in the Amazon,

Matt Zimmerman

2019 fires in the Amazon rainforest by

ESAs Luca Parmitano on the ISS

Slash and burn agriculture in the Amazon,

Matt Zimmerman
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What REDD+ needs to know

1.How much carbon is likely to be lost to fire (how much money should 

be held in the “buffer”)

2.If a fire does result in carbon loss, were they caused by people of 

weather?

3.Can we determine where forest are vulnerable to future changes in 

fire?

1.How much carbon is likely to be lost to fire (how much money should 

be held in the “buffer”)

2.If a fire does result in carbon loss, were they caused by people of 

weather?

3.Can we determine where forest are vulnerable to future changes in 

fire?
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REDD+ finance buffer against fires

REDD+ COP framework includes results-based payments (RBPs) to 

reward countries for reducing forest carbon emissions based on tonnes 

of CO2e emissions avoided. 

“Buffer” system whereby a % of financing is held back for “insurance” 

against carbon loss from disturbances from fire.

Fire is tricky cos it could be from natural, climate change or direct 

human management


