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Brazilian Amazon

Carbon capture potential of reforestation in tropical forests

o Assuncdo et al. [2023]

o Studies the problem of a fictitious social planner to provide a
benchmark for ad hoc policy alternatives.

o Uses data on the Brazilian Amazon

o Analyzes a dynamic model across heterogeneous regions in the
Amazon.

o Exploits rich panel data set that covers a cross-section of regions in
the Amazon.

o Uses numerical methods to achieve a necessary degree of economic
and environmental richness to achieve credible results.

o Implements a novel refinement to uncertainty quantification.
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_Brazilan Amazon |
Motivation

o The Amazon forest contains 123 4 31 billion tons of captured carbon
that can be released into the atmosphere, equivalent to the historical
cumulative emissions of the United States (Malhi et al. [2006],
Friedlingstein et al. [2022])

o Brazilian Amazon occupies 60% of the 2.7 million square miles that
comprise the Amazon.

o An area the size of Texas has been deforested in the Brazilian
Amazon.

o Portions of Amazon have become a source instead of sink for carbon.

o Destruction of forest has not help alleviate to poverty in Brazil

o Income of agricultural workers in legal Amazon was 829 reais/month in
2019, only 83% of Brazilian minimum wage
o 85% informal
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Brazilian Amazon
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L EeTde |
Road map

@ Present model

@ Short literature review
@ Discuss calibration

@ Present results

® Some added remarks

® Conclusions
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State and control variables

©

Sites are denoted i = 1,...,/ and the state-vector by (Z, X, P?).

Z =(Z%,...2Z"), is the vector of site-specific hectares of land used
for agriculture.

©

o X = (X1,...,X!) is the vector of site-specific stocks of captured
carbon (above ground).
P? is an index of cattle prices in Brazil in 2017 USD.

o 85% of deforested land is used for cattle raising.

©

©

P¢€ is the social price of emissions
Non-negative controls U’ and V' with Z=U-V
o At optima U!V/ =0

o State constraints:

(+]

0<z/<Z,
where Z' is the maximum area for agriculture in site /.
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State dynamics

o Carbon capture dynamics
XI' — —")/iUi . CMXi +CM’)’i (21 _ ZI)

where 4/ > 0 and a > 0.
o Does not allow for interactions across sites.

o g state Markov chain with possible values for the agricultural price,
a a
pi,. .. pg
o An infinitesimal generator given by q x g matrix Ml = [my »/] with
non-negative off-diagonal entries and

Z mygp = —myg > 0.
040

o exp(tM) gives transition probabilities over interval t.
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S - -
Outputs

o Agricultural output . . .
AI — 0/ PQZI

where 8" > 0 is a site specific productivity parameter. and P? is the
national price.

o Net emissions
I !
K g Z — g X{
i=1 i=1

where k > 0 measures the emissions per hectare of land induced by
agriculture.
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Quadratic adjustment cost

©

Aggregate investment/disinvestment in agriculture over sites

1
> 12|
i=1

©

Quadratic adjustment costs

S w

i=1

©

Motivation: Finite amount of resources to change use.

©

Today: Only source of interactions across site.
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Social planner’s objective |

o Planner maximizes
0 I . I . . I . .
IE/ exp(—4t) [—Pe <mZz; —Zx;> +P7Y 0'Z]-
0 i=1 i=1 i=1
2
N~y ie v
5 (Z(U; + v;)) dt

i=1

o Assume passive restoration

o Because of low and diminishing productivity, 7.2 million hectares of
deforested land has been abandoned and passively restored for at least
6 years.

o Planner chooses site-specific controls U’, V' subject to the state
evolution equations and the initial states
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Social planner’s objective |

o P¢, price of emissions, reflects a market for offsets and/or a planner’s
own valuation.

o Cross sectional heterogeneity often implies boundary solutions for
sites.
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Adding parameter uncertainty |

o Assume P? is constant, ¢’ := (7/,6'), ¢ full 2/ dim parameter vector.
p = p(B), dim(B) < 21.

o Time taken by numerical solution calculation sensitive to dimension of
parameter vector.

©

©

7 baseline distribution of 3.

©

d be the vector of decisions and f(d, ¢(f3)) for the resulting value
given the unknown S.

Q
max min_ [ £(d. 5)g(5)drn(5) + ¢ [ logg(Me()dn(5)
d g,[gdr=1
o & > 0is penalty parameter.
o For given g, max problem can ignore penalty.
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Adding parameter uncertainty |l

o No learning.

© minimizing g is given by:

84(8) = P[ e ﬁ)}

fBexp[ %f (d [3’)} dr(B)
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Deterministic limit case

o Limit case with & = oo corresponds to ambiguity neutrality. Decision
problem uses objective

max [ £(d, ) (6)dn(3)

o Problem is deterministic with parameters set at the average value of g
under the baseline distribution 7.
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Some references |

o Role of natural solutions

o Griscom et al. [2017], Heinrich et al. [2021] (focus on Brazilian
Amazon)

o Franklin Jr and Pindyck [2024] ignores passive restoration, focus on
active restoration projects at small scale in Brazil and derive high
marginal costs.

o Static discrete-choice models to study the link between agriculture
and deforestation, e.g, (Souza-Rodrigues [2019] and Dominguez-lino
[2021]).

o Araujo et al. [2022]) develop dynamic model along lines of
Souza-Rodrigues [2019] but with dynamics restricted to
forward-looking behavior of farmers.
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Some references ||

o Survey of economics of tropical deforestation, Balboni et al. [2022],
contains many references.

o Most studies on agricultural expansion and deforestation are static.

o This paper provides framework that integrates the impact of carbon
prices on deforestation, forest restoration, and agriculture. Also take

into account the uncertainty on agricultural productivity and forest
carbon measures.
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Calibration

Sites and initial states

o Sites:
o Fine grid of 1887 sites of ~ 67 km x 67 km. Of these 1043 have at
least 3% ot area in the Brazilian Amazon biome. Featured in results
today without price uncertainty and with ambiguity neutrality; solve as

a deterministic model.

o Coarser grid of 78 sites (featured in results with agricultural price
uncertainty, solve using MPC methods with a Markov process for prices
of agricultural output and in results about parameter ambiguity, and
for comparison, deterministic model): Aggregate 16 sites of fine grid to
produce sites of ~ 268km x 268km.

o Drop three sites with < 3% in Brazilian Amazon biome.
o Agricultural areas in 2017 (Z})
o Source: MapBiomas
o Total land available in 2017 (2')
o Source: MapBiomas
o X{ = ~i(Z - Z}).
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Cattle productivity |

o Use Cattle data since cattle occupies 85% of areas deforested for
agriculture.

o Data on value cattle sales and area of agriculture for 540
municipalities that overlap the biome from 2017 Agriculture Census.

o Missing data (74 out of 540) and unlikely outliers for municipalities
with very small agricultural area.

o Regression of log value of cattle per hectare on set of 7 geographical
variables R;" and the local farmgate-price (proxy for transportation
costs) yields smoother and lower dimensional representation [ - R’
and fills in missing data.

o Because cattle-grazing area differs a lot across municipalities, weight
observations by 2017 pasture area in municipality.

o Calculate site ' by averaging over overlapping municipalities
(weighted by overlap) of exp(35'Ry"), and dividing by Pho17-
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Cattle productivity Il

o Heterogeneity reflects transportation cost and current technology.

o Historically transportation network increased deforestation but with
limited effect on productivity (Gollin and Wolfersberger [2023]).

o Note we are not accounting for labor costs, thus exaggerating
productivity of sector.
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Calibration

Cattle price uncertainty and adjustment costs

o Cattle price uncertainty: Fit two-state Markov process as hidden state
Markov chain with Gaussian noise, using hmmlearn package in
python.

o Fits two states and transition matrix.
o P® mean of stationary distribution.

o Adjustment cost, (, so marginal cost of changing land use matches
forest to pasture cost estimated by Araujo et al. [2022].

o Need to explore asymmetry
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Calibration

Carbon dynamics |

Qo

~4': Extract random sample of 1.2M 30m-pixels and select 893,753
pixels that could be considered primary forest in 2018 (pixels with no
deforestation since 1985). Add above ground biomass density data for
2017, from ESA Biomass (Santoro and Cartus [2021]). Biomass data
comes in a grid format ~100m, so spatially match it to sample and
calculate average CO, density (Mg/ha).

Calculate mean ~™ for municipalities.

o Regression of logy™ on set of 5 geographical variables R yield

smoother representation.

Calculate site v by average over overlapping municipalities (weighted
by overlap) of exp(8'RI").

«, carbon depreciation parameter, set so convergence of carbon
accumulation process is 100 years. (Henrich et al.(2021)).

k calibrated from agricultural net annual emission data at the state
level available from SEEG.
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Calibration

Baseline distribution

o Uncertainty on 3 := (8,, 8p) induces uncertainty on o =(v',0"
o Lower dimensionality of uncertainty (13 vs. 78)

o Use conjugate prior updating (Raiffa et al. [1961], Hansen and
Sargent [2013], Section 5.3) to produce a baseline distribution 7 of
the vector S.

o Baseline for 8. v analogous except that no weight matrix.

o Let Y be the vector of log value of cattle per hectare for the 466
municipalities with data. Coeffs of least squares with weight W}y and
Gaussian error variance-covariance agl is same as coeffs of least
square regression,

Yy = RofBg+eo, e9~N(0, cgW,h), (2)
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Calibration

Baseline distribution |

o If priors

Bo | og ~ N(mo, 05 Qyt) (3)

and,
03 ~ Inv-Gammal(ag, bo) (4)

o Posterior is given by Normal-inverse gamma with
Q = RyWyRy + Qo,
m = Q™ (RyWayp + Qomo),

a=a +n
— d0 27

1
b= by + E(yé Ways + myQomo — m' Qm),
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Calibration

Baseline distribution |l

o Impose improper priors:

QoZO m():O 30:0 b0:0,

o Implies posteriors inputs are familiar regression statistics.

o Uncertainty on 6 larger than on ~.
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____________ Clbuon
Site-specific Parameters 7' and ' (1043 sites)
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Computational Approach

o Discrete-time (year) approximation

o Deterministic prices (78 or 1043 sites): Interior Point Method:
inequalities are approximated with logarithmic penalty functions.

o Uncertain prices (78 sites): Add Model Predictive Control
o Finite-horizon approximation with two horizons:
o Relatively short uncertainty horizon (u.h.) where controls are computed
as a function of potential shock realizations ( five periods);
o Longer horizon where the control solutions are approximated by
eliminating shocks beyond the uncertainty horizon ( 200 periods).
o Solve the model again in subsequent periods with the same u.h..
o Choose u.h.=5) because value function changes little from u.h. = 4.
o Interested in first 50 years
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Parameter uncertainty

@ Given a g, solve the maximization problem for a candidate d. May
ignore relative entropy penalty.

@ For given d, solve the minimization problem to obtain new g.

@ Repeat until achieve convergence.

o For step ii) use quasi-analytical solution (1) and a Markov chain
Monte Carlo method that is based on Hamiltonian dynamics. Often
more efficient for high dimensional problems than Metropolis-Hastings
(Neal et al. [2011], Carpenter et al. [2017]).
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Planner’s own valuation - Inferred shadow price of carbon
from aggregate behavior 1995-2008

o 1995 - Begin reliable price data. 2008 - Announcement of Amazon
Fund that incentivizes preservation of the forest with resources from
Norway. ( NOK 8.3 billion in 2009-2018)

o Observe prices P7 in 95-08 and find P®® that produces Zxg0s = Z5ygg-

o Price P that matches observed deforestation varies with model
chosen.

o A model where, implicitly, a planner would act more aggressively
against preservation would imply a larger P®¢.

o Larger P¢¢ applied to future decisions lowers deforestation ( increase
reforestation).

o P°®¢ that vary with model brings future trajectories across models
closer.

o Similar observation when comparing discount rates.
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Shadow prices for different specifications

Table: Business-as-usual prices

number of sites agricultural price £  carbon price (P¢¢)

1043 P?=141.1 %) 7.6
78 Pa=141.1 00 7.1
78 Pa=141.1 1 53
78 stochastic ) 6.9

Notes: The agricultural price P? = 41.1 is the mean under the stationary
distribution.
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Evolution of agricultural area (deterministic case, P? = P*)

Z(%)

o o 10 20 E
years years

pe=7.6 b == =15 =25 pe=7.1 b === =10 =25

1043 Sites 78 Sites
o P =$7.6 ($7.1) for 1043 (78) sites
o Business as usual agr. area ~ 25% - may result on tipping of east,

south and central Amazon (Lovejoy and Nobre [2018])
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Evolution of the stock of carbon (deterministic case,
P? = Ps)

X(billions CO2e)

B - Py
years years

pee=7.6 b =——0 =—— 15 =—25 L T

1043 Sites 78 Sites

©

pPe¢ = $7.6 (87.1) for 1043 (78) sites
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Evolution of occupation by agriculture, 78 sites,
b=15 P° = P

g
S =
7
S
SHES
T
AN
J
Zy017 (%) Zyops (%), b=15 Zyo07 (%), b=15
s — — s e —— — — —
[0] (0-20] (20-40] (40-60] (60-80] (80-100] [0] (0-20] (20-40] (40-60] (60-80] (80-100] [0] (0-20] (20-40] (40-60] (60-80] (80-100]
{ >
oA = [=
e §i T i -
) ) ) ity
/ e
=l A o~ 4
Iy / { e
K 3 £ e
(\‘ - N . \ L - f
LA 5 EY L
oy Y b N & L
\i&‘f{’ \Q :{ W \\‘{J&z‘ N
b A
Zyosz (%), b=15 v (%), b=15 Zyour (%), b=15
s — — s e —— o — —
[0] (0-20] (20-40] (40-60] (60-80] (80-100] [0] (0-20] (20-40] (40-60] (60-80] (80-100] [0] (0-20] (20-40] (40-60] (60-80] (80-100]

o Much of the reallocation in 15 years
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Evolution of occupation by agriculture, 1043 sites,

b=15P° = P
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Evolution of occupation by agriculture: with and without
transfers

(a) Business as usual

(b) Transfer payment of $15/ton CO2 captured
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Planner Value Decomposition (200 years)

Table: 78 Sites - Deterministic case

pa  pe Agricultural Net Forest  Adjustment Planner
$) (5) (5 Output Value Transfers Services Costs Value
( ($ 10%Y) ($ 1011) ($ 10%) (% 10%) ($ 10%)
411 71 0 3.31 0.00 -1.10 0.06 2.14
411 171 10 0.43 1.22 0.87 0.11 2.41
411 221 15 0.26 2.022 0.95 0.17 3.06
411 271 20 0.20 2.78 0.98 0.22 3.75
411 321 25 0.17 3.54 1.00 0.26 4.45

Notes:$41.1 is the mean of the agricultural price in the stationary distribution of the two-state
Markov chain. Forest services are calculated using baseline shadow price (b = 0)
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Planner Value Decomposition (200 years)

Table: 1043 Sites - Deterministic case

pa  pe Agricultural Net Forest ~ Adjustment Planner
$ $) (%) Output Value Transfers Services Costs Value
¢« ($ 1011) (§1011) ($10't) ($10't) (§10%)
411 76 0 3.72 0.00 -1.39 0.07 2.26
411 176 10 0.57 1.16 0.88 0.11 2.51
411 226 15 0.33 1.98 1.00 0.17 3.14
411 276 20 0.23 2.76 1.04 0.22 3.82
411 326 25 0.18 3.52 1.07 0.26 4.52
443 78 0 4.25 0.00 -1.64 0.08 2.51
443 178 10 0.73 1.09 0.85 0.10 2.58
443 228 15 0.40 1.94 1.01 0.16 3.19
443 278 20 0.26 2.74 1.07 0.21 3.86
443 328 25 0.20 3.51 1.09 0.26 4.56

Notes: For P?, 41.1 is the mean of the agricultural price in the stationary distribution and 44.3 is
the upper value in the two-state Markov chain.
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Transfer cost (30 years, 78 sites)

pe b Net Captured Discounted Discounted
$) (%) Emissions Net Transfers Effective Cost

( (billion tons of CO2e) ($ 10'1) ($ per ton of CO2e)
7.1 0 -15.28 0.00 NaN

17.1 10 11.79 0.84 3.13

221 15 14.08 1.54 5.25

27.1 20 14.74 2.18 7.27

321 25 15.06 2.81 9.26

Notes: $41.1 is the mean of the agricultural price in the stationary distribution.

o Gains from trade
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Transfer cost (30 years, 1043 sites)

pe b Net Captured Discounted Discounted
$) () Emissions Net Transfers Effective Cost
(billion tons of CO2e) ($ 10%) ($ per ton of CO2e)

76 0 -17.66 0.00 NaN

176 10 11.67 0.86 2.93

226 15 13.85 1.55 4.92

276 20 14.62 2.21 6.85

326 25 15.00 2.86 8.75

Notes: Agricultural price P? = $41.1, which is the mean of the agricultural price in the
stationary distribution.
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Evolution of agricultural area and stock of carbon
(Uncertainty on P?)

%
X(billions CO2e)
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o P =%6.9
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Planner value decomposition (200 years)

Table: 78 Sites - MPC case

($ 101) Agricultural Net Forest ~ Adjustment Planner
Output Value Transfers Services Costs Value
P? = stochastic
b =9%0
10% 3.22 0.00 -1.01 0.05 2.19
50% 3.34 0.00 -1.00 0.05 2.29
90% 3.43 0.00 -0.97 0.05 2.37
b = $25
10% 0.16 3.48 0.96 0.27 4.33
50% 0.18 3.48 0.96 0.28 4.34
90% 0.19 3.48 0.96 0.28 4.35
P? =19%41.1
b= %0 3.31 0.00 -1.10 0.06 2.14
b= %25 0.17 3.54 1.00 0.26 4.45

Notes: The quantiles were computed based on two hundred simulations. Shadow prices
are P = 7.1 for P? = 41.1 and P* = 6.9 for P? = stochastic.
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Transfer cost (30 years)

Table: 78 Sites - MPC case

Net Captured Emissions Discounted Net Transfers Discounted Effective cost

(billion tons of CO2e) ($ 101) ($ per ton of CO2e)
P? = stochastic
b = %0
10% -14.41 0.00 NaN
50% -13.79 0.00 NaN
90% -13.33 0.00 NaN
b = %25
10% 14.78 2.78 9.49
50% 14.79 2.78 9.70
90% 14.81 2.78 9.86
P2 =9%41.1
b = %0 -15.25 0.00 NaN
b =$25 15.08 2.87 9.47

Notes: The quantiles were computed based on two hundred simulations. Shadow prices are P* = 7.1 for
P? =41.1 and P* = 6.9 for P? = stochastic.
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Parameter uncertainty |

Hamiltonian Monte Carlo

(]

©

Following Stan (software for HMC) recommendation we sample from
1
exp |~ (0. )] dn(6n. o3l Ro ) (5, 2IRys)  (6)

o Baseline marginal for § is a multivariate t-distribution.

©

p = (f,09,0,) take logs and change sign get potential energy:

1
u(p) = gf(d)ﬁ) - |Og dﬂ'(59|‘7§7 R97y9) - IOg dﬂ'(ﬁf}/‘(f,%, R’Wy’y)

— log dm (05| Ry, yp) — log dw(ai[Rg,y.y)

(6)

©

Momentum w (same dim as p), with w ~ N'(0, M) and M symmetric,
positive-definite mass matrix.
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Parameter uncertainty Il

H(p.w) 1= U(p) + 20/ M (7)

o H is "energy function”

o Induces a unique " canonical probability” with density

P(p.) = 5 exp (-U(p) exp (—éw'mlw)
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Iteration |

o Sample from baseline 7 and initialize ¢ as the mean of the
transformed samples.

o For each iteration 7=0,1...,7:

@
o

o

@

®

®

Solve the planner's problem for decision vector d, using ¢,.

Sample {p3}49% using (5) by running HMC simultaneously across 4

independent Markov chains, taking 1000 samples and 500 burn-in
samples per chain.

Transform marginal samples {35}4%%° back into the ¢ space.

Compute @, as the mean across samples, and update . using
Ori1 = w@, + (1 — w)p,, with w = 0.25.

7 is first occurrence of when ||¢r11 — ¢-||eo < 0.001. If 7 < 7, return
to step 1 and repeat.

Once T is reached redo steps 2 and 3 with d=, taking 5000 samples,
and save the transformed samples {¢S}209%0.

44 /66



Iteration I

o The density figures are plotted using {S}20900.
o Trajectory plots and decompositions are computed using dz.

o For £ =1, we obtain P*¢ =5.3
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HMC algorithm |

o For a given d;:
o Initialize 0.
o For each chain, for s =0,...,1000 :
@ Sample momentum ws ~ N(0, M).
@ Generate proposal (j2,&2) by moving according to (8) , using the

leapfrog integrator with step size € and a number of steps L:

dp OH dw oH

G 0w d - op (®)

@ Orbits preserve canonical density probability distribution.
@ Orbits preserve value of H.
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HMC algorithm |l

® Perform Metropolis test to accept or reject the state update
(pStL, wsth) « (p5,@2), with acceptance probability:

min {1, exp (H(p3, wl) — H(F,02))}

o In continuous should always accept but discrete approximation.
o In our case accept over 90% of the time
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N LN
Ambiguity adjustment, b = 15, P? = P°
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N LN
Ambiguity adjustment, b = 15, P? = P°

Probability density for © and site 71 Probability density for y and site 71
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Ambiguity adjustment, b = 15, P? = P*

05

00

Probability density for © and site 78

20 25
parameter value

—— baseline
3 b=0
= b=15

density
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0025
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o Larger adjustments if we did not adjust P¢€.

= baseline
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Evolution of agricultural area: productivity ambiguity,
b=0,15 P?= P?

—_—f=1 —f=o

(%)
Z(%)

EY 2 E)
years years

(a) b=0 (b) b=15
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Results

Year of maximal reforestation in site / (b = 15)
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o Larger changes if did not adjust P®¢.
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Planner Value Decomposition (200 years)

Table: 78 Sites - HMC case

Agricultural Output Value ($ 10'1) Planner Value ($ 10%1)

b ambiguity ambiguity  percent  ambiguity ambiguity percent
($) neutral aversion change neutral aversion  change
0 331 2.57 -22.4 2.14 1.64 -23.4
10 0.41 0.55 33.6 241 2.08 -13.9
15 0.26 0.30 14.2 3.06 2.62 -14.4
20 0.20 0.23 12.9 3.75 3.19 -15.0
25 0.17 0.19 11.9 4.45 3.74 -15.8

Notes: P? = $41.11, the average price under the stationary distribution. Forest services are
calculated using baseline shadow price (b = $0).

o Bigger difference when not adjusting P®¢.
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Transfer cost (30 years)

Table: 78 Sites - HMC case

Ambiguity Neutral Ambiguity Aversion
net captured  discounted discounted  net captured  discounted discounted
b emissions net transfers  effective cost emissions net transfers effective cost
($) (billion tons ($ per ton  (billion tons ($ per ton
of CO2e) ($ 1011) of CO2e) of CO2e) ($ 101) of CO2e)
0 -15.25 0.00 NaN -15.08 0.00 NaN
10 11.91 0.87 3.21 10.18 0.74 2.93
15 14.10 1.57 5.37 12.57 1.39 5.03
20 14.75 2.23 7.43 13.15 1.97 6.97
25 15.08 2.87 9.47 13.29 2.51 8.86

Notes: Agricultural price P? = $41.1, which is the mean of the agricultural price in the stationary distribution.
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Incentive to defect

o Value tables show that shows that the planner would agree to sign an
agreement to receive (pay) b = 25 dollars for each ton of CO,
captured (emitted) in the Brazilian Amazon.

o However since mature forests reach an equilibrium, the value of
transfers eventually converge to zero.

o Possibility: At some t, Brazil defects and opts to follow the optimal
trajectory when b = 0, starting from (z, x¢). Call the present value as
of t of defecting W;.

o Defection will occur if W; > V4.
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Value of continuing versus defecting (78 sites
deterministic)

Value ($USD x10%)

450 1

400 1

350

300 1

250

200 1

150 4

100 4

— V(t)
— WIt)

20 30
Time (years)

T
50
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Avoiding defection |

o Max present value for t < 50 is less than $5 billion.
o If b =30 max present value t < 50 is less than $1.5 billion.

o Defection can be avoided with carrot or stick

o Carrot: Set fund of $5 billion payable at t = 50 if no (substantial)
deviation in z;, for t < 50. Cost per ton of CO, less that $1/ton.

o Stick: Brazil issues a bond with initial value of $5 billion that only
becomes due if (substantial) deviation in z;, for t < 50 is observed

o Many Carbon capture and sequestration (CCS) projects are private,
with no clear liability horizon. Limited liability implies that
indemnification for loss is only possible up to the value of the firm's
assets (Gollier [2005]. Often long term liability for leaks transferred to
governments.

o Australian Commonwealth and Western Australia state agreed to take
over liability of Gorgon CCS project from Chevron and partners that
include Shell and ExxonMobil after closing of project.

57 /66



Comparison with other carbon sequestration schemes

o US IRC Section 45Q), states that secure geological storage includes
“storage at oil and gas reservoirs”.
o According to CBO, almost all CCS facilities in the US use captured

CO2 for enhanced oil recovery (EOR)to force more oil out of aging oil
fields.

o Occidental Petroleum, which is developing large carbon removal
projects in Texas, uses EOR to sell what it calls“net-zero oil”
o Capture carbon to release captured carbon.

o As of 9/23 total US capacity for CCS amounted to 22 million tons,
4% of US current emissions.

o Under IRA, U.S. 45Q tax credit for EOR carbon capture projects pays
$60/ton ($130 for direct air capture DAC)) for facilities that start
construction before 2033 and pay prevailing wages during the
construction phase and during the first 12 years of operation.
Amounts adjusted for inflation after 2026.
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Carbon prices above $25 (World Bank)

Price (USS)

0 10 20 30 40 50 60 70 80 90 100 110 120 130

Uruguay CO2 tax
Switzerland carbon tax

Li in carbon tax

ETS

Switzerland ETS

ETS

Finland carbon tax

Ireland carbon tax

France carbon tax

Alberta TIER

BC carbon tax |

Canada federal OBPS
Newfoundland and Labrador PSS
Northwest Territories carbon tax
Canada federal fuel charge
askatchewan OBPS

Newfoundland and Labrador carbon tax
New Brunswick ETS

Ontario EPS

New Brunswick carbon tax

Tokyo CaT

Prince Edward Island carbon tax
Austria ETS

New Zealand ETS

Germany ETS

Queretaro carbon tax

California CaT

Quebec CaT

Denmark carbon tax

o Economic efficiency implies all carbon prices should be the same.
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Conclusion

Conclusions |

o Posed explicit dynamic model across heterogeneous regions in
Amazon to assess potential adverse impact of deforestation.

o Rich panel data set
o Computational challenge because the heterogeneity of subregions
requires large number of state variables and state-constraints that
bind at optimum.
o Parameter uncertainty
o With modest prices for CO2e (compared e.g. with US EOR schemes
or with ETS prices in Europe...), Brazilian Amazon would produce
noticeable CO, capture.
o Compared to IPCC “budget”
o Compared to Griscom et al. [2017] that identify and quantify “natural
climate solutions” (NCS).
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Conclusion

Conclusions |l

o In Part Il will show the existence of important interactions across
sites that are ignored here.

o Predicted path under “business as usual” even more perilous.

o Further results can be found in the Online Appendix.

61 /66


https://lphansen.github.io/Amazon/intro.html

References |
References |

Rafael Araujo, Francisco Costa, and Marcelo Sant’Anna. Efficient

forestation in the brazilian amazon: Evidence from a dynamic model,
2022.

Juliano J Assuncao, Lars Peter Hansen, Todd Munson, and José A
Scheinkman. Carbon prices and forest preservation over space and time
in the brazilian amazon. Available at SSRN 4414217, 2023.

Clare Balboni, Aaron Berman, Robin Burgess, and Benjamin A Olken. The

economics of tropical deforestation. The Annual Review of Economics,
forthcoming, 2022.

Bob Carpenter, Andrew Gelman, Matthew D Hoffman, Daniel Lee, Ben
Goodrich, Michael Betancourt, Marcus A Brubaker, Jigiang Guo, Peter
Li, and Allen Riddell. Stan: A probabilistic programming language.
Journal of statistical software, 76, 2017.

62 / 66



References |
References |l

Tomas Dominguez-lino. Efficiency and redistribution in environmental
policy: An equilibrium analysis of agricultural supply chains. Technical
report, Working Paper, 2021.

Sergio L Franklin Jr and Robert S Pindyck. A supply curve for
forest-based co2 removal. 2024.

Pierre Friedlingstein, Matthew W Jones, Michael O'Sullivan, Robbie M
Andrew, Dorothee CE Bakker, Judith Hauck, Corinne Le Quéré, Glen P
Peters, Wouter Peters, Julia Pongratz, et al. Global carbon budget
2021. Earth System Science Data, 14(4):1917-2005, 2022.

Christian Gollier. Some aspects of the economics of catastrophe risk
insurance. Available at SSRN 668384, 2005.

Douglas Gollin and Julien Wolfersberger. Agricultural trade and
deforestation: the role of new roads. 2023.

63 /66



References |
References |1l

Bronson W Griscom, Justin Adams, Peter W Ellis, Richard A Houghton,
Guy Lomax, Daniela A Miteva, William H Schlesinger, David Shoch,
Juha V Siikamaki, Pete Smith, et al. Natural climate solutions.
Proceedings of the National Academy of Sciences, 114(44):
11645-11650, 2017.

Lars Peter Hansen and Thomas J Sargent. Risk, uncertainty, and value.
Princeton, New Jersey: Princeton, 2013.

Viola HA Heinrich, Ricardo Dalagnol, Henrique LG Cassol, Thais M
Rosan, Catherine Torres de Almeida, Celso HL Silva Junior, Wesley A
Campanharo, Joanna | House, Stephen Sitch, Tristram C Hales, et al.
Large carbon sink potential of secondary forests in the brazilian amazon
to mitigate climate change. Nature communications, 12(1):1-11, 2021.

Thomas E Lovejoy and Carlos Nobre. Amazon tipping point, 2018.

64 / 66



References

References IV

Yadvinder Malhi, Daniel Wood, Timothy R. Baker, James Wright,
Oliver L. Phillips, Thomas Cochrane, Patrick Meir, Jerome Chave,
Samuel Almeida, Luzmilla Arroyo, Niro Higuchi, Timothy J. Killeen,
Susan G. Laurance, William F. Laurance, Simon L. Lewis, Abel
Monteagudo, David A. Neill, Percy Nunez Vargas, Nigel C. A. Pitman,
Carlos Alberto Quesada, Rafael Salomao, Jose Natalino M. Silva,
Armando Torres Lezama, John Terborgh, Rodolfo Vasquez Martinez,
and Barbara Vinceti. The regional variation of aboveground live biomass
in old-growth amazonian forests. Global Change Biology, 12(7):
1107-1138, 2006.

Radford M Neal et al. Mcmc using hamiltonian dynamics. Handbook of
markov chain monte carlo, 2(11):2, 2011.

Howard Raiffa, Robert Schlaifer, et al. Applied statistical decision theory.
Wiley, 1961.

65 / 66



References

References V

Maurizio Santoro and Oliver Cartus. Esa biomass climate change initiative
(biomass_cci): Global datasets of forest above-ground biomass for the
years 2010, 2017 and 2018, v3, 2021. URL https://catalogue.ceda.
ac.uk/uuid/5f331c418e9f4935b8eb1b836£8a91b8.

Eduardo Souza-Rodrigues. Deforestation in the amazon: A unified
framework for estimation and policy analysis. The Review of Economic
Studies, 86(6):2713-2744, 2019.

66 / 66


https://catalogue.ceda.ac.uk/uuid/5f331c418e9f4935b8eb1b836f8a91b8
https://catalogue.ceda.ac.uk/uuid/5f331c418e9f4935b8eb1b836f8a91b8

	Carbon prices and forest preservation over time and space in the Brazilian Amazon
	Model
	Literature
	Calibration
	Results
	Conclusion
	References
	References

	anm0: 
	0.33: 
	0.32: 
	0.31: 
	0.30: 
	0.29: 
	0.28: 
	0.27: 
	0.26: 
	0.25: 
	0.24: 
	0.23: 
	0.22: 
	0.21: 
	0.20: 
	0.19: 
	0.18: 
	0.17: 
	0.16: 
	0.15: 
	0.14: 
	0.13: 
	0.12: 
	0.11: 
	0.10: 
	0.9: 
	0.8: 
	0.7: 
	0.6: 
	0.5: 
	0.4: 
	0.3: 
	0.2: 
	0.1: 
	0.0: 


