

mailto:snicol@maths.uq.edu.au







system with) patches, the size of the state space il ,q, + 1)(Z=et2)]M. The system is modelled

as a discrete-time Markov chain (e.g. Akcakaya & Ginzburg (1991), Day & Possingham (1995), Possingham
(1996)). This section describes the model and records how to define the transition probability for the Markov
chain.

In the absence of management, there are five independent processes that may occur: sedimentation of one
or more of the waterholes, water abstraction from the waterholes, a rainfall event, and fish colonisation and
extinction events. Itis assumed that evaporation reduces the water level in the ponds on a much slower timescale
than sedimentation and abstraction, and so we neglect evaporation from the model.

Sedimentation of a waterhole is assumed to occur with probabilitgd, if it occurs, has the result that the
total depth of pond is reduced by one unit (z— z; — 1, wherez; is the pond depth of thé” pond).

To define the transition probability after sedimentation for a system/oponds, we first define a vector

X = (71,29, ...,x2r). The effect of sedimentation in th& patch in the next time step is determined by the
random variabIeY (4), which has observed valug € {0,1,2, ..., Zjaq }, Vi € {1,2,..., M}. The probability
distribution of a transition in the/” pond from stateX( ) to a new state determmed By (i) is: P(X'(i) =

X(i) — 11X (i), X'(i) > 0) = 6, P(X'(i) = X(4)|X(i)) = 1 — 6, and otherwise the probability of transition

is zero. Each pond may undergo a transition independently of the others, so the probability of transition from
X to a stateX” is:

PX'|X) = HP 4)

Similarly, abstraction may occur with probability, in which case it reduces the depth of water in pend

by one unit (¢ — d; — 1, whered; is the depth of water in thé" pond). We define a vector of depths

D = (dy,ds,...,dyr). The effect of abstraction in thé" patch in the next time step is determined by the
random variabIeD’(z’), which has observed valug € {0,1,2,...,2;},Vi € {1,2,..., M}. The probability
distribution of a transition due to abstraction is given byDR¢) = D(i)—1|D(i), D' (i) > 0) = &, P(D' (i) =
D(i)|D(i)) = 1 — &, otherwise the probability of transition is zero. Analogous to the sedimentation case,
the probability of transition fronD to D’ is given by the product of the per-patch conditional probabilities:

P(D'|D) = TT;Z, P’ ()| D(i)).

The system is assumed to be driven by occasional very large rainfall events that completely fill the ponds, so
we neglect small rainfall events. Rainfall can occur with probabilignd is assumed to fill all ponds to their
maximum water depth () simultaneously. The transition probability to st resulting from a rainfall

event using the vector of water depths after sedimentation and abstr&ttisp, if D” = X’, and1 — p if

D" = D'. If neither condition is satisfied, the transition probability is zero.

We can combine the probabilities of abstraction and rainfall to get the probability that the water depth changes
in one time step:

P(D"|D) = P(D"|D')P(D'| D). (5)

The processes of colonisation and extinction are obtained using a modified incidence function model (Hanski
1994). For a waterhole to be colonised, there needs to be a sufficient depth of water in the river for neighbouring
waterholes to be connected by a continuous stream of water. We denote the waterhole depth at which connection
occurs with the parametel*, and we let the nearest upstream waterhole from a wateihibkg has a depth

less thanl* be at position (v € {i,i+1, ..., M }), and the nearest downstream waterhole with depth less than

d* be at positionu (v € {1, ..., 4}). If there are no waterholes downstream or upstream with depth lesg’than

u andv respectively are not defined by this notation, and we define the connected region explicitly. If there are
waterholes with depth less thai above and below patch thenu andv are already defined, and the stream
around waterholéis connected from waterholes+ 1 up tov — 1. We define this connected stream segment
using the indey, such thatj € {u +1,...,i — 1,4,4+ 1,...,o — 1}. When all upstream patches have depth
greater tham* (i.e. whenw is not defined), the connected section is frpm {u+1, ..., M — 1, M }, and when

all downstream patches have depth greater thaie. whenu is not defined), the connected segment is from
jef{1,2,...,0—1}.

For a stateN = (ny,ns, ..., nar), we define a random variabl¥’ (i) representing the occupancy state of the
it" waterhole, which has observed valug € {~0, 1}, Vi € {1,2, ...,~M}. The probability of colonisation
of the it waterhole is given by: P{’(i) = 1|N(i) = 0) = ¢;, PIN'(i) = O|N(i) = 0) = 1 — ¢;, and

P(N'(i)|N (7)) = 1 if neither of these conditions are satisfied. We define- ﬁ if S; > 0,andc¢; =0
En
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otherwise. The parametgtis a fitting parameter that describes the colonisation ability of the species (smaller
y’ values correspond to better dispersal (Hanski 1994))%nd Z#i n; exp(—ap;;)(d; — d*). The depth

of the j*" waterholed; serves as a measure of patch quality and causes deeper waterholes to have a higher
probability of sending colonists to other waterholes. The distance between waterlamiég is p;;, n; is

the occupancy of thg! waterhole, andy is a constant that represents the survival rate of migrants. For the
illustrative case study in this paper, we make the simplifying assumption that the waterholes are connected
whenever there is water in the system & 0).

The probability of extinction of the** waterhole from the new occupancy stdﬁé(z‘) is determined by
a random variableV” (i), which has observed value; € {0,1},Vi € {1,2,..,M}. The probability
of extinction is given by PN” (i) = O|N'(i) = 1) = e;, PIN"(i) = 1|N'(i)) = 1) = 1 — ¢;, and
P(N"(i)|N'(i)) = 1 if neither of these two conditions are satisfied. We define= min [d9 1], whered;

is the depth of thé'" pond, and) and3 are two constants that scale the extinction probability to the depth of
water in the waterhole.

The colonisation and extinction probabilities can be used to define the probability that the waterhole occupancy
changes in one time step:
M
P(NIN) = [T P@" () |IN'(2)) PV (5) [N (3)). (6)
i=1

We are now ready to define the transition probability. We can represent a(3tafe, X) as a vector of
the vectorsN, D and X defined above. Thus the probability of transition to a new staté, D", X') is
P(N", D", X'|N, D, X), which we can simplify to:

D,X'|N,D,X)P(N,D", X'|N,D,X"P(N", D", X'|(N,D", X’) Ko

Using equationBl4.]5, amd 6, the value of equdiion 7 can be determined. The order of events in a timestep is
sedimentation-abstraction-rainfall-colonisation-extinction.

Problem formulation as a Markov Decision Process. We define the management objective to be to
minimise the number of waterholes that do not have fish present each year throughout the management
horizon. We have already defined the state space of the system in the metapopulation model section above. For
a system of\/ patches, we defind 4+ 3 management actions. The metapopulation model allows managers

to reduce sedimentation by improving catchment management practices (i.e. décreasg, or by direct
intervention by dredging one of th&/ waterholes to deepen it sufficiently for fish to re-colonise it during

the next rainfall event (i.e; — z..4.). TO manage abstraction, managers may directly police waterholes to
prevent illegal water removal (reduge— &'). Finally, if no management is required, managers may choose to
take no action. It is assumed that managers can carry out only one action per time step, and we do not consider
the cost of management actions. The transition probabilities for the MDP assuming no management are defined
by the metapopulation model of sectioh 2. When a management action is selected, the transition probabilities
have the same form, but the parameter corresponding to the selected action is changed as described earlier in
this paragraph.

The cost functiom(s) for being in a state is simply equal to the total number of waterholes minus the number

of occupied waterholes in that state (i/d. — Zf\il n;,n; € {0,1}). The management objective is equivalent
to minimising the cost function over the management period. For this paper, we set an infinite time horizon for
management, and evaluate the optimal solution until it reaches an equilibrium strategy.

Algorithm evaluation. The optimal solution for the problem is given by evaluating equat!ns 1[and 2
usmg the transition probability from equatigh 7, where the state(N, D X) ands’ = (N”,D"”,X’). The
cost is given byr(s,a,t) = r(s), and the action is chosen from the sh(ts) =1,2,...M +3, where each

number inA(s) refers to one of the management options.

To evaluate the Kearns et al. (2002) algorithm, we use equiation 3 and a set vdluaraf C to find the

optimal action for the current time step. The approximation is used to generate a trajectory of states over the
management period by carrying out the algorithm to find the best action, simulating the next state by applying
the best action to the current state, then repeating the approximation process to find the best action for the new
state. This is repeated for the desired trajectory length.
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3. RESULTS AND DISCUSSION

Performance of the approximation algorithm. The results of carrying out the on-line sampling algorithm

are compared against the optimal solution for the 3-patch=£B) metapopulation in figurig 3. The total cost
plotted in figurd B is the total number of instances that a waterhole was unoccupied over the full management
period. The solid black line gives the cost of carrying out the optimal solution until an equilibrium policy

is reached (11 timesteps). The random solution is the result of randomly choosing a management option for
each timestep. Both of these scenarios are evaluated 500 times to obtain the average result in the figure.
The remaining three lines on the figure show the results of the on-line approximation algoritkinZp6,

and 10 samples respectively, plotted against the depth of the look-ahead algorithm (horizontal axis). Each
approximation was run for the same length of time as the optimal solution (11 timesteps) and the process was
repeated 30 times to give the average values plotted in the figure.

11

10r T
L.
._:,:,_ - 4
-~ -~
8r b - Iy N H
~ e R o T N R S,
4L A .'~-°.‘-‘-.-.-‘- -‘-‘:ﬁ
— 6 b
1]
IS
sk i
4t c=2 1
=A=c=6
sr 1 mQ= 1 C=10 1
oL m— optimal strategy B
random strategy
1k 4

0 | |
1 2 3 4
Number of Look-ahead Steps (H)

Figure 3. Performance of the Kearns et al. sparse look-ahead algorithm against the optimal solution and a
random management strategy. The trajectories are run until equilibrium is reached (11 steps). The vertical axis
shows the average cost over the full 11-step trajectory after multiple trials (see text). Parameters used for this
simulation weres= 0.05;4'= 0.0005;x= 0.2;x'= 0.02;p= 0.3;a= 0.01;y'=0.1;6=0.1; 3= 0.3;~v= 0.8.

The approximation algorithm out-performs a random strategy except Whe) H=1. In this case the
algorithm only chooses one more new state from the next-state distribution than the random strategy and looks
no further ahead than the random strategy, so the result should not differ greatly from the random strategy. The
approximation was simulated just 30 times (the random strategy is simulated 500 times) so there is likely to
be uncertainty in the approximation since so few samples are taken at each step. It is likely that the cost of
approximating with just one look-ahead step should in fact be roughly equal to a random strategy (as is the case
whenC= 6 or 10).

Péret & Garcia (2004) found the existence of an optimal number of look-ahead steps when the number of
samplesC is fixed. In figure[B, there appears to be a minimum cost at three look-ahead steps in the case
where C=2, although deeper simulation should be carried out to lend this claim more credence. However
where computer power is limited, best results for the approximation will be obtained by using 3 look-ahead
steps. Interestingly there does not seem to be much gain in using more than two samples to look-ahead, since
the results forC=6 and(C=10 do not result in average costs that are noticeably lower thad'#2&case.

This is probably caused by this particular model, which has a high probability of visiting only a few states

in any one time step. It would be very interesting to see if this applies more generally to metapopulation
models, as removing the need to sample a large number of states in each timestep will increase the speed of
the approximation.

Lessons for River Management. The system is highly dependent on the presence of adequate water

in the system. This means that whenever a state is reached where the remaining occupied patches have low
water, the optimal action is always to prevent water removal from the stream. Where only one patch was
occupied and had sufficient water, deepening the nearest patch was the best option. In general, catchment
management was only a good option if there was no advantage to preventing abstraction (i.e. remaining
waterholes full/lempty). However this finding reflects the parameters used in this model (the probability of
abstraction is much greater than the probability of sedimentation). The results intuitively make sense, however
since the parameters were not based on empirical data, it is hard to generalise management lessons from this
hypothetical model. More work needs to be done to properly parameterise the model.
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4. CONCLUSIONS

The on-line approximation algorithm of Kearns et al. (2002) provides a relatively efficient way to solve Markov
decision problems with very large state spaces. In this paper, we demonstrated that the algorithm performs
well against the optimal solution to a small but complex metapopulation problem. We also showed that
the approximation out-performs a random strategy. This is the first time this method has been applied to a
metapopulation problem and provides a powerful tool for solving complex conservation management problems
in the future.

The greatest limitation to the algorithm is that although the algorithm is state space independent, it still has a
state space that increases exponentially with the number of look-ahead steps (Kearns et al. 2002). Consequently
the algorithm still has a long running time. An interesting question for further research will be to consider at
what sized state space it is worth moving from a conventional SDP solution to an approximation algorithm such
as this.

Other than being state space independent, the other benefit of this algorithm is that it is calculated on-line.
This means that each update is calculated based on the current state of the system and is based on the current
generative model. This means that the algorithm could potentially be used to evaluate optimal solutions when
the generative model changes with time. This adaptive approach differs from off-line approaches like SDP,
which need to evaluate the full optimal solution assuming a static generative model. Another problem for
future research is to attempt to use an on-line approach to solve partially observable MDPs in conservation.

This paper introduces a new algorithm to conservation management. This method theoretically enables us
to solve optimal management problems with infinitely large state spaces. Greater complexity in decision
making models means we can better represent the real world, leading to more realistic decisions and improved
conservation management.
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