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Abstract

In forest carbon credit, the concept of dynamic (or ex-post) baseline has been dis-
cussed to overcome the criticism of junk carbon credit, while an ex-ante baseline
is still necessary in terms of project finance and risk assessment. We propose
a Bayesian state-space SCM, which integrates both ex-ante and ex-post baseline
estimation in a time-series causal inference framework. We apply the proposed
model to a REDD+ project in Brazil, and show that it might have had a small,
positive effect but had been over-credited and that the 90% predictive interval of
the ex-ante baseline included the ex-post baseline, implying our ex-ante estimation
can work effectively.

1 Introduction

Background Carbon credit is an incentive scheme to promote projects that have additional benefits
for climate change mitigation, and is expected to play an important role in offsetting the gap from
net zero emission after reduction efforts [1]. Reducing deforestation and forest degradation are
considered to be one of the most effective approaches to reduce carbon emission and REDD+ is a
framework to promote such efforts through the issuance of carbon credit. However, carbon credits
from REDD+ have been subject to several criticisms. Credits issued for projects without actual
positive effects on climate change mitigation are called “junk carbon credit”, and several studies
have showed that many REDD+ projects may have produced junk carbon credits [2].

Criticisms to carbon credit are mainly about the validity of baseline, i.e., a counterfactual scenario
in the absence of a project. Considering this issue, the concept of dynamic baseline has recently
been discussed [3, 4]. In this framework, baseline is sequentially updated at every observation of
the forest cover after intervention, allowing for the effects of changes in the external environment to
be taken into account. Ex-post approach, e.g., the use of synthetic control method (SCM), has been
investigated in this context [2].

However, there still remain a financing issue since result-based payment requires several years for
project proponents to wait until they obtain the first credit issuance. From investor’s perspective, ex-
ante baseline projection is needed to quantify the risk of projects for their investment decision [5].

With those in mind, we can find a need for the integration of both ex-ante baseline prediction before
intervention and ex-post dynamic baseline updating at each observation after intervention.

Summary of our contributions We propose a new model for solving the issue mentioned above.
First, we introduce a Bayesian state-space model that naturally integrates the forecast of defor-
estation baseline before intervention and the dynamic updating of baseline after intervention. We
achieve this by combining state-space modeling for forecasting and SCM for dynamic updating.
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Second, we consider covariate balancing in state-space modeling by using the method of general
Bayesian updating for a valid causal inference. Finally, we apply the proposed model to a REDD+
project in Brazil and show that both ex-ante and ex-post baseline by our model can work effectively.
Our approach would enable appropriate ex-ante risk assessment and ex-post performance evaluation
of forest conservation projects, and contribute to the sound allocation of funds to projects that have
significant positive impacts to climate change action.

2 Preliminaries and Related Work

VM0007: A REDD+ methodology for emission reduction evaluation VM0007 [6] is one of
the major methodologies that define how to calculate emission reduction in a REDD+ project. A
key concept of VM0007 is Reference Region for projecting rate of Deforestation (RRD), which is
used as a control unit for estimating a baseline. An RRD is chosen so that the following variables
are as close as possible to those of the Project Area (PA): deforestation drivers, landscape factors
(e.g. forest types, soil types, elevation, etc.), and socio-economic variables (access to infrastructures,
policies, and regulations, etc.). For the past 10–12 years before intervention, deforestation rates are
aggregated over the RRD, and projected as a baseline for the crediting period. The projection method
can be a simple historical average or a pre-defined linear/non-linear model, where the former is often
used (see Appendix for an example of RRD and baseline setting). Several studies have reported that
baselines set under VM0007 were overestimated because they failed to consider a counterfactual
scenario or to eliminate the effect of external factors, e.g., policy changes [2].

Causal inference for time-series data Synthetic Control Method (SCM) [7] is one of the most
popular methods for causal inference with time-series data. This method is designed for a case with
one treatment unit and multiple control units, which is suited for a REDD+ project setting. Given that
an RRD consists of multiple sub-units (hereinafter “control units”), SCM finds an optimal weight
to match both pre-intervention deforestation trends and covariates of the synthetic control (i.e. the
weighted average of control units) to those of the PA. Note that a baseline estimated by SCM can
reflect effects of external factors occurred after intervention while it cannot forecast the baseline,
because it is calculated using observations after intervention. CausalImpact [8] is another popular
method based on Bayesian state-space models. It has several ideas in common with SCM, but there
are several differences. In contrast to SCM, it can forecast a baseline with a little modification of
the original work [8] since it is based on state-space modeling. In addition, CausalImpact does not
include a covariate balancing mechanism between a treatment and synthetic controls.

Related Work In the context of general carbon crediting schemes including REDD+, the issue of
junk carbon credit or over-crediting has been discussed for a long time (e.g. [9, 10, 11]) and one of
the sources has been identified to be baseline setting [12, 13]. SCM and CausalImpact have been
applied to several studies evaluating REDD+ projects [2, 14, 15, 16] and other forest conservation
activities [17, 18, 19] to consider a counterfactual scenario and set a reasonable baseline. Many of
those studies using causal inference methods have reported that there was an over-crediting to some
extent.

3 Bayesian State-Space SCM

We propose a Bayesian state-space SCM, leveraging the time-series modeling in CausalImpact and
the covariate balancing in SCM. We model the pre-intervention deforestation rates of PA and RRD
by the following state-space model with a local linear trend:[

y1,t
zt

]
=

[
β′

I

]
z̃t + ϵt, ϵt ∼ N(0, Qt), (1)

z̃t+1 = z̃t + vt + ηt, ηt ∼ N(0, Rt), (2)
vt+1 = vt + ξt, ξt ∼ N(0, St), (3)

where yj,t is an observed deforestation rate for the unit j at t (j = 1 for PA and j = 2, . . . , J +1 for
control units), β is a weight to be applied to control units in RRD, zt = (y2,t, . . . , yJ+1,t)

′ is a vector
of the observed deforestation rates of control units at t, and z̃t = (z̃2,t, . . . , z̃J+1,t)

′ is a latent state
vector. Equation (1) links the observed data, y1,t and zt, to the latent state, z̃t: it assumes that for
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control units the deforestation rates are observed as the addition of the latent state and noise, while
for the treatment unit (PA) the deforestation rate is written as the weighted sum of the latent states
of control units and noise [8]. The latter relates this model to SCM except for covariate balancing.
Equations (2)–(3) define the temporal evolution of the latent state by a simple local linear trend
model, which enables us to forecast zt, and thus the baseline. Details of the model specifications
can be found in Appendix.

For covariate balancing, we apply the method of general Bayesian updating [20]. With this, we can
reflect the distance of the covariates between PA and synthetic controls as a covariate-dependent
prior on β: p(β | {xj}J+1

j=1 ) ∝ exp(−wL(β; {xj}J+1
j=1 ))p(β), where xj is a K × 1 vector of the

covariates, L is a loss function that measures a distance between PA and synthetic controls, and w
is a tuning parameter. Here we choose L to be a SCM-like loss function for covariate balancing:
L(β; {xj}J+1

j=1 ) = 1/(2J) · (x1 − X0β)
′V (x1 − X0β), where X0 = (x2, . . . , xJ+1) and V is the

inverse of the covariance matrix of X0. Combining equations (1)–(3), we obtain the full posterior as

p(β, {ut}T0
t=1, {Σt}T0

t=1 | {zt}T0
t=1, {y1,t}

T0
t=1, {xj}J+1

j=1 , w)

∝
T0∏
t=1

f(y1,t, zt, ut | ut−1, β,Σt) · exp(−wL(β; {xj}J+1
j=1 ))p(β)p(u0)p({Σt}T0

t=1), (4)

where T0 is the number of periods before intervention, f is the density function of the model (1)–(3),
ut = {z̃t, vt}, and Σt = {Qt, Rt−1, St−1}. After the observation at t = T1(≥ T0), we can obtain
the posterior predictive distribution of the baseline up to the target period t = T2(≥ T1) as

p({ybsl1,t}
T2

t=T0+1 | {zt}T1
t=1, {y1,t}

T1
t=1, {xj}J+1

j=1 , w) =

∫ T2∏
t=T0+1

f(ybsl1,t , zt, ut | ut−1, β,Σt) (5)

· p(β, {ut}T0
t=1, {Σt}T0

t=1 | {zt}T0
t=1, {y1,t}

T0
t=1, {xj}J+1

j=1 , w) · dβ ·
T2∏
t=1

Σt ·
T2∏
t=1

dut ·
T2∏

t=T1+1

dzt,

where {ybsl1,t}
T2

t=T0+1 is the estimated baseline of PA from t = T0 + 1 to t = T2. As a project
proceeds, the baseline can be updated in a unified manner for ex-ante baseline (T1 < t ≤ T2) and
for ex-post baseline (T0 < t ≤ T1). Note that the estimation of β is based on the data up to t = T0,
because β represents the relation between PA and control units without intervention.

4 Case studies

We apply the proposed model to the Valparaiso project [21] to demonstrate the performance of the
model. The Valparaiso project is a REDD+ project run in Acre state, Brazil, whose main purpose
is to avoid unplanned deforestation (e.g. illegal logging or conversion of forest to agricultural land).
The intervention consists of multiple activities, including community outreach and the employment
of local community members as forest guards or other project staff. We obtain forest cover data
from MapBiomas Brazil [22] and follow [2] for preprocessing. Considering that deforestation is
caused by different drivers [23, 24], we include the following covariates into our model: elevation
from FABDEM [25], (pixel-based Euclidean) distance to road, distance to urban centers, and dis-
tance to recently deforested pixels [26]. For each control unit, deforestation rates and covariates
are aggregated over a polygon called CAR, which is a georeferenced property organized by Brazil’s
Rural Environmental Registry, while aggregated over the project boundary found in the registry [21]
for the PA. For model estimation we use Stan [27] and obtain 6000 MCMC samples where the first
1000 samples are discarded as warm-up.

Figure 1 shows the result of the estimation. Comparing Figures 1a (1b) and 1b (1c) (respectively),
we can find that the 90% interval of the ex-ante baseline includes the posterior mean of the ex-post
baseline at least up to three years forward, implying that our ex-ante estimation worked to some
extent. Looking at the ex-post baseline at 2019 (Figure 1c), we can see that the project had no
effect during the first 4 years (2011–2015), but then gradually started to have a small positive effect
after 2015. This may be because the baseline was lifted by the upward trend over Brazil since
2012 [28, 29], while the PA was protected from that trend. Figure 1 also includes the posterior mean
of the estimated baseline without the covariate balancing (i.e. w = 0), which is estimated separately.
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Although the difference in the posterior mean is negligible when the observed deforestation rates
were close to zero (Figure 1a), the baseline without the covariate balancing became higher as the
rates went up (Figure 1c). This would imply the importance of the covariate balancing in the baseline
estimation.
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(a) Pre-intervention (T1 = 2010)
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(b) 5 years after intervention (T1 =
2015)
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(c) 9 years after intervention (T1 =
2019)

Figure 1: Estimated ex-ante and/or ex-post baseline for the Valparaiso project. (x-axis: year; y-axis: annual de-
forestation rate; dotted vertical line: the time when the intervention started (2011); solid line (black):
the observed deforestation rate; solid line (blue): the posterior mean of the estimated baseline; blue
area: the 90% credible interval of the estimated baseline; dashed line (black): the posterior mean of
the estimated baseline without the covariate balancing (i.e. w = 0); throughout (a)–(c), T0 = 2010
and T2 = 2020. )

5 Discussion and limitations

Our results suggested that the baseline set under VM0007 might be overestimated (see Appendix),
while they had small, positive effects on mitigating deforestation. In particular, the implementation
of dynamic baseline would lead to more reasonable baseline estimates because it could reflect the
effects of policy changes as noted in [28, 29]. Our results agree with [26] qualitatively (i.e. small,
positive impacts), but there are some differences in the magnitude of effects. One reason for this
may be that the unit of our analysis is CAR while theirs is pixels. Our analysis follows [2] in the
sense that the unit of their analysis is CAR and that they concluded the baselines were overestimated.
However, their results are more negative about the additionality of the projects than ours. One reason
for this difference could lie in the difference of covariates considered in the model. In particular,
distance to deforestation edge is considered to be an important driver [23, 24], and the fact that we
take this into the model may lead to the difference in the estimated weights.

Although we assumed that all covariates, except for distance to deforestation edge, are constant over
time, it is also important to consider them as time-series, especially for socio-economic covariates.
For example, distance to road is known to be an important driver; indeed, the background of the
Valparaiso project is to stop deforestation accelerated by the road development. Given the limited
update frequency of public data, the monitoring and/or modeling of covariate growth using, e.g.,
remote sensing would be necessary. As for the modeling, we can consider many different extensions.
One possible way would be to consider spatial correlation between control plots by introducing a
transition matrix in the system equation (2), which would reduce error in estimation.
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Appendix

Example of VM0007: The Valparaiso project

Figure 2a and 2b describe the RRD and the deforestation trends in the PA and the RRD of the
Valparaiso project [21], with the baseline set by the simple historical average approach following
VM0007 [6]. The project started at 2011. We can see that the baseline (the blue dashed line in
Figure 2b) might have failed to capture the change of trends and have resulted in overestimation.
Note that the baseline shown here is simplifed compared with the one by the project in the sense that
the latter applied spatial [6] after the projection.

(a) RRD and PA (source: [21]) (b) Deforestation trends in PA and RRD and the
baseline by the simple historical average ap-
proach (horizontal dashed line).

Figure 2: The Valparaiso project

Details of the model formulation and estimation

Let g(x | µ,Φ) be the probability density function (pdf) of the multivariate normal distribution with
the mean µ and the covariance matrix Φ. Then the pdf of the model (1)–(3) can be written as

f(y1,t, zt, ut | ut−1, β,Σt)

=g(

[
y1,t
zt

]
|
[
β′
t
I

]
z̃t, Qt) · g(z̃t | z̃t−1 + vt−1, Rt−1) · g(vt | vt−1, St−1).

In the case study in Section 4, we used the time-invariant, diagonal covariance matrices as follows:

Qt = diag(σ2
y, σ2

z , . . . , σ
2
z)︸ ︷︷ ︸

the same J elements

, Rt = σ2
z̃I, St = σ2

vI (t = 1, . . . , T2),

where I is a J × J identity matrix.

For the prior distributions of p(β), p(u0), and p({Σt}T0
t=1), we used non-informative priors and

followed the default settings in Stan [27]. For the tuning parameter of covariate balancing, we used
w = 300.

Result of the covariate balancing

Table 1 shows the mean of the covariates for the PA and synthetic controls, where synthetic controls
are evaluated with the posterior mean of β. We can see that the synthetic control with covariate
balancing ("CB") has the closest covariates to the PA.
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Dist to Road [km] Dist to Urban [km] Elevation [m] Dist to DF Edge [km]
PA 41.75 33.17 201.22 7.01
CB 40.66 45.76 207.85 9.59

Non-CB 31.87 53.15 209.13 8.23
Ave 31.31 53.84 207.58 7.53

Table 1: Mean of the covariates for PA and synthetic controls. PA: Project Area, CB: Synthetic control with
covariate balancing (w = 300), Non-CB: Synthetic control without covariate balancing (w = 0) Ave:
Simple average over control units.

8


