Annexure 1

Markov Chain model

The Markov Chain model is a data driven stochastic process that describes the
probability of change from one state to another (Arsanjani et al., 2013). In this process, the
state of a system at time t, is predicted depending upon the state of the system at time t;
(Thomas and Laurence, 2006). This process consists of a key-descriptive tool, i.e. the
transition probability matrix (Mousivand et al., 2007) which in turn provides a transition area
matrix for the different mangrove classes. The transition probability matrix records the
probability that each mangrove class would change to any other mangrove class (or stay the
same), while the transition area matrix records the number of pixels that are expected to
change from their existing mangrove class to any other mangrove class (or stay the same)
over the specified number of time units (Behera et al., 2012). The transition area matrix,
obtained from two time periods (1985-1995 and 1995-2015), was used as the basis for

predicting the future mangrove species zonation and hence the carbon stock scenario.

In the Markov chain model, a chain represents a stochastic process at time t, X;, which

exclusively depends on the value at time t-1, i.e. X1, and not depending on the previous

series of values (i.e. Xi2, X¢3........ Xo), and the transition probability equation may be written
as (Weng,2002)
PIX, =8;|Xo =80, X, =8, X, =& [ = PIX, =, [X,, =4, 1)

The mathematical expression P{X, =a,|X,, =a, fis termed as the one-step transitional

probability, i.e. the possibility of the transition from state a; to state a; over one time period. If



¢ steps are required to implement this transition, the expression P{xt =a;|X, :ai} IS
. - ®
called the ¢ step transition probability, P,".

When Pij(”) is time independent and is dependent only on a;, aj and/, then the

Markov Chain is regarded as homogeneous, i.e.

PIX, =a,|X,, =a,|=P, )
where Pj; is derived from the observed data, after determination of the number of times the
observed data goes from state i to j, n;;, and the number of occurrences of the state a;, n; is
summed up. Then the equation becomes,

Py =n;/n (3)
As the Markov Chain proceeds, the probability of remaining in the state j becomes
independent of the initial state of the chain after many steps. As this condition is achieved,
the chain is believed to have attained a steady state and accordingly Pj, i.e., the limit

probability, is applied for the determination of the value of Pij“) according to the equation

lim P =P, (4)
where, P, =RP/” j=1, 2,..., m (state); B=1; P;>0

In the case of transition probability matrix, each of the elements consist of a category with

observed and expected number of transitions as per the equation

=3 OE ©)

Here O is the observed number of transitions from one state to another and E is the expected

number of transition; in each case, the successive states are independent.



Cellular automata

The principle upon which the Markov Chain model works, is not at all influenced by
the state of the neighbour cells; it is only dependent on the state of a particular cell under
observation at time t; and t, (Eastman, 2006). This is why the Markov Chain model by itself
cannot solve the entire problem, since it does not take into account the spatial distribution
within each category. Hence it might depict the correct magnitude of change; however it is
not capable of showing the right direction (Boerner et al., 1996). In order to incorporate the
spatial attribute and hence direction to the present modelling, the Cellular Automata (CA)
model is implemented (Soe and Le, 2006). One of the most crucial geospatial elements that
principally governs and regulates the variability of the change events is proximity (Arsanjani
et al., 2013). A cellular automaton (in the present context, a pixel or a mangrove class) is
considered to be an entity that independently varies its state not only based on its pre-existing
state but also on the state of its immediate neighbours (i.e. the most proximal classes) (Clarke
and Gaydos, 1998). The overall performance of the system is decided from the combined
actions of all the locally defined transition rules; therefore, the state of the system moves
forward in discrete time steps.

Thus the spatial and temporal attributes of the prediction made in this study is
achieved by the fusion of Markov chain model and the Cellular automata (CA) model. The
CA model with powerful spatial computing was used to simulate the spatial variation of the
system effectively (Kamusoko et al., 2009), while the CA—Markov model was used to
achieve better simulation for temporal and spatial patterns of land class changes in quantity

and space (Sang et al., 2011).

At first, the preceding state transition rules have been calculated using Markov Chain
methods. The calculated transition probability matrix so obtained serves as the transformation

rules in the CA—Markov model simulations. CA filters are known to produce a clear sense of



the spatial weighting factor, which can be changed according to the current adjacent cellular
state. The standard 5 * 5 contiguity filter has been used as the neighbourhood definition in
this study, which means that each cellular centre is surrounded by a matrix space, which is

composed of 5 * 5 cells to impact the cellular changes significantly.



Annexure 2

Comparison of total carbon stock with other mangrove ecosystems

Various types of predictive modelling based studies have been conducted on mangrove stands
throughout the world. Population dynamics of Avicennia marina stands were predicted taking
into account small- and large-scale possible perturbations to the ecosystem in south-eastern
Australia (Clarke, 1995). The effect of sea level rise was predicted on the mangroves of
north-western Australia (Semeniuk, 1994). Several studies were focused on limitations and
advances of predicting mangrove dynamics and deforestation (Berger et al., 2008; Rideout et
al., 2013). However, in recent times very few studies have been reported on predicting the
dominance, expanse and variability of the distribution of species assemblages like that of
Crase et al. (2015) and Cavanaugh et al. (2015). The present study is framed with a different
approach where the species assemblage dynamics is predicted simply in a business as usual
mode; i.e. how the species assemblage would vary spatially and temporally is predicted based
on the way it has varied in the past decades. Moreover, this study has generated a gross total
blue carbon stock estimate for the Bangladesh Sundarban. Most of the carbon stock
assessment studies carried out on mangroves produced their final results in terms of carbon
mass per unit area; however total carbon stock is assessed by a few of them. The estimated
total carbon stock of this ecosystem was found to be the highest compared to the recent
assessments made (Table 3). In the Indian part of the Sundarban, Ray et al. (2011) found a
much lower total carbon stock of 26.62 Tg (however, they took into account the soil organic
carbon only up to a depth of 30 cm; which implies a substantial part of carbon stock is not
measured in this part). Total carbon stock was high in the stands of Sian Ka’an biosphere
reserve, Mexico (43.2 Tg — 58.0 Tg; Adame et al., 2013). The mangroves of entire China at

present constitute 6.91 Tg C (Liu et al., 2014), whereas only the carbon locked in the above-



ground part of entire Mozambique’s mangroves amounts to 11.8 Tg (Fatoyinbo et al., 2008).
It is quite obvious that the total stock of carbon would be greater in places where the stretch
of the forest covers larger areas and since the Sundarban of Bangladesh happens to be one of
the largest single expanses of contiguous mangrove forest it was expected to have a giant
mass of carbon. However, it is evident from the ratio of total stock to total area (given in
Table 3) that the carbon content per unit area varied substantially between these mangrove
forests. This spatial variability in the carbon stock of mangroves based on geographical
locations arises due to various aspects, like the age of the forest (Kridiborworn et al., 2012),
species diversity and dominance (Ksawani et al., 2007), health and stature of above-ground
vegetation (Murdiyarso et al., 2010) and wood density (Baker et al., 2004). It also depends on
factors like mineral content of the sediment (Crooks et al. 2011) along with the quality and
quantity of the peat soil (Siikaméki et al., 2012).0On the whole this comparative assessment
signifies the importance of Bangladesh Sundarban (in terms of its total carbon reservoir) with

respect to the global mangrove cover.



Table S1 The carbon content in the above-ground (AG) trunk and stems and below-ground
(BG) root system of the major genus found in the Bangladesh Sundarban

Species Name AG (%) BG (%)
Avicennia spp. 48.6 £1.5 453114
Bruguiera spp. 51.3+2.6 475+19

Ceriops spp. 53.6+£0.8 465+1.1
Excoecaria spp. 548+ 0.7 526+0.4
Heritiera spp. 50.1+£0.9 524+ 0.7
Sonneratia spp. 52.7+0.6 49.2£0.7

Xylocarpus spp. 51.4+£0.9 485+1.1




Table S2 Comparison of blue carbon stock from the current study with other mangroves of
the world measured in recent times

Total blue
carbon
. stock in
Site Tg (total Remarks Source
area in
km?)
91.19Tg
Bangladesh Sundarban (3659) - Present study
: 26.62 Tg Soil carbon measured up
Indian Sundarban (1781) t0 30 cm depth only Ray et al. (2011)
. ) . 43.2 to Soils contained 78% to
Sian K Biosph ,
fan Baan M:;fil(): Oere reserve 58.0 Tg 99% of total ecosystem Ad?;%ig; al.
(1722) carbon
* -
Mangroves of entire 11.80 Tg* Onclglrtbr;enit;%\;gn%rizund Fatoyinbo et al.
Mozambique (2909) (2008)
measured
6.91T The potential of carbon
Mangroves of entire China ’ g stock can be increased to  Liu et al. (2014)
(220) 2881 T
: g
Yap and Palau Island groups 4.85Tg Mangroves cover or,1|y Le- Donato et al.
: . 13% of these island’s total
of Micronesia (54) area (2012)
Montecristi Provm_ce_ in the 3.67 Tg Rich carbon deposits Kauffman et al.
Northwest Dominican (92) found up to depths of 2 m (2014)
Republic P P
Matang mangrove forest 2.15Tg Earlierin 1991 itwas 3.04  Hamdan et al.
reserve, Peninsular Malaysia (410) Tg (2013)
Expected to increase up to
San Juan. Batanaas 0.012 Tg 0.025 Tg after Gevafia et al.
' g ) rehabilitation of (2008)

mangroves
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