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Abstract.  We analyze the harvesting and stocking of a population that is a ected by ran-
dom and seasonal environmental uctuations. The main novelty comes from having three
layers of environmental uctuations. The rst layer is due to the environment switching
at random times between di erent environmental states. This is similar to having sudden
environmental changes or catastrophes. The second layer is due to seasonal variation, where
there is a signi cant change in the dynamics between seasons. Finally, the third layer is due
to the constant presence of environmental stochasticity|between the seasonal or random
regime switches, the species is a ected by uctuations which can be modelled by white noise.
This framework is more realistic because it can capture both signi cant random and deter-
ministic environmental shifts as well as small and frequent uctuations in abiotic factors.
Our framework also allows for the price or cost of harvesting to change deterministically
and stochastically, something that is more realistic from an economic point of view.

The combined e ects of seasonal and random uctuations make it impossible to nd the
optimal harvesting-stocking strategy analytically. We get around this roadblock by devel-
oping rigorous numerical approximations and proving that they converge to the optimal
harvesting-stocking strategy. We apply our methods to multiple population models and ex-
plore how prices, or costs, and environmental uctuations in uence the optimal harvesting-
stocking strategy. We show that in many situations the optimal way of harvesting and
stocking is not of threshold type.
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1. Introduction

A fundamental problem in conservation ecology is nding the optimal strategy for har-
vesting a species. This problem is important because excessive harvesting can drive species
extinct while under-harvesting ensures the loss of valuable resources. If one assumes that the
dynamics and harvesting happen in continuous time, there has been signi cant progress in
nding the optimal harvesting strategies which maximize the total discounted or asymptotic
harvest yield|see the work by Abakuks & Prajneshu (1981), Lungu & ksendal (1997),
Alvarez E. & Shepp (1998), Hening, Nguyen, Ungureanu & Wong (2019), Alvarez E & Hen-
ing (2020), Cohen et al. (2021). These studies have shown that in a very general setting
the optimal strategy is ofthreshold or bang-bangtype: there exists a thresholdwv > 0 such
that whenever the population is under the threshold there is no harvesting while when the
population is above the threshold one harvests at the maximal (possibly in nite) rate. In
this paper we look at whether this result is true in more general and realistic models.

The mathematical framework we will use is the one of stochastic di erential equations with
switching (SSDE). A SSDE has a discrete component that keeps track of the environment,
and which changes at random times. In a xed environmental state the system is modelled
by a stochastic di erential equation. This way one can capture the more realistic behaviour
of two types of environmental uctuations:

major environmental shifts (daily or seasonal changes, catastrophes),
abiotic uctuations within each environment.

We focus on the most natural setting, when the switching rates are constant. In this case,
the process spends an exponentially distributed time in each environmental state and then
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switches to a di erent state. Environmental switches have been shown to fundamentally

alter the fate of ecological communities by reversing competitive exclusion into coexistence
or having other unexpected results (Hening & Strickler 2019, Hening & Nguyen 2020, Benam
& Lobry 2016, Bourquin 2021, Hening et al. 2021). We explore how switching impacts the
harvesting and stocking of a species.

Even though the general properties for SSDE have been studied thoroughly (Yin & Zhu
2009, Zhu & Yin 2009, Nguyen et al. 2017), there are few results regarding the persistence
or harvesting of ecological systems modelled by SSDE (Song et al. 2011, Tran & Yin 2015,
2017, Bao & Shao 2016, Song & Zhu 2016, Hening & Li 2020). We |l this gap by providing
an analysis complemented by an in depth look at some speci c illuminating examples. In
particular, we look at the logistic equation which has been used extensively in sheries and
other harvesting settings (Clark 2010, Alvarez E. & Shepp 1998).

The SSDE framework is generalized even further by including deterministic seasonal varia-
tion, which will make the various coe cients depend explicitly on time in a periodic fashion.
There are few studies which look at the interaction of harvesting and seasonal variability.
Some focus on very speci ¢ models or look only at the purely deterministic setting (Cromer
1988, Fan & Wang 1998, Brauer & Sanchez 2003, Xu et al. 2005, Braverman & Mamdani
2008, Bohner & Streipert 2016). The current paper provides important generalizations to
these previous results as we can analyze a very wide range of models.

In addition to modelling the ecological dynamics, one also has to have a robust way of
modelling the economics. The price of the harvested species can depend on the population
size, the state of the environment and also explicitly on time. Our framework also includes
a realistic cost that is incurred through stocking or harvesting. This cost is due to fees
associated with harvesting-stocking policies, state constraints, certain taxes, or incentives
that the manager must follow or can receive.

The price and cost functions depend on time both directly, and indirectly through the
population state and the environment switching state. Economically, the indirect time de-
pendence is important since it captures the growth-delayed-return trade-o , which is a typical
feature of harvesting models. The direct time dependence adds another important layer of
realism, since it can accommodate exogenous price changes. These can come from varying
commodity prices (external supply and demand shocks), and varying costs of inputs of pro-
duction.
The harvested quantity can indirectly change the price in the market by a ecting the total
supply. Because our price and cost functions depend directly on the harvested quantities,
we can accommodate for this endogenous e ect on the total supply. The numerical methods
can simulate the price changes with a suitable choice of price and cost functions. Because
the market side is not modeled explicitly, this can only be done ad hoc, for each particular
application. A discussion of the importance of market variables in sheries management can
be found in Sylvia (1994), Pooley (1987), Asche et al. (2015).

The main novelties of our work are the following:
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(1) We formulate the harvesting-stocking problem for a species that is in uenced by three
types of environmental uctuations: the rst due to major regime shifts, the second
due to constant abiotic changes, and the third due to seasonality.

(2) The price for harvesting or stocking is realistic and depends on the population size
as well as the state of the environment. Furthermore, stocking and harvesting incur
a cost as well.

(3) We develop rigorous numerical approximation schemes based on the Markov chain
approximation method.

(4) We discover interesting new phenomena by analyzing in depth some important ex-
amples.

The rest of the paper is organized as follows. In Section 2 we describe our model and the
main results. In Section 3 we discuss several extensions of the proposed model. Particular
examples are explored using the newly developed numerical schemes in Section 4. The
discussion of our results is in Section 5. Finally, all the technical proofs appear in the
appendices.

2. Model and Results

Assume we have a probability space ( F ; P) satisfying the usual conditions. Denote by
X (t) the size of the population at timet 0. For a natural population, without harvesting
or stocking, the dynamics is given by

(2.1) dX(t)= b X (1); (t) dt+ X(1); (t) dw(b);

wherew( ) is a standard Brownian motion, (t) is an irreducible continuous-time Markov

chain taking values inM = f1;:::;mpg, and b; : Ry M ! R are smooth enough

functions. Furthermore, we assume that the Brownian motionw( ) and the Markov chain
() are independent and denote byy; the transition rates of (t). This means that

Pt (t+)= ] (=15X(s); (s)s tg=q + o) ;ifi6]
Pt (t+)= 1] (O=EX(s); (8)s tg=1+aq + o) ;

(2.2)

whereg; = P i6i Gj - As usual, we assume thab(0; )= (0; ) =0 since if the popula-
tion goes extinct, it should not be able to get resurrected without external intervention (like
a repopulation/stocking event). If X (tg) = 0 for somet, 0, thenX(t)=0forany t to.
Thus, X (t) 2 R, foranyt O.

Biological interpretation . If at time t the state of the environment is (t) = k the
dynamics is governed by the SDE

dX(t)= b X (t);k dt+ X (t);k dw(t)

with nonlinear drift term (x; k) and di usion term (x; k). However, the environment can
switch to a di erent state j with the transition rate g, . In the small time  the probability
of transition to state j is approximately g
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Note that since the transition matrix Q = (g; )m, m, IS independent of the population of
the species, the jump times of (t) will be exponentially distributed and independent of the
processX.

Let U(t) be the harvesting-stocking rate of the population. This means that in the small
time-interval (t;t + t) one harvestsU(t) tif U(t) > 0 and one stockdJ(t) tif U(t) < O.

The dynamics of the populationX (t) that includes harvesting and stocking becomes

Zt Zt
(2.3) X(t)=x+  bX(s); (s)) U(s) ds+ X(s); (s) dw(s):

0 0
In order to have a well de ned system we also need to impose some initial conditions:
(2.4) X(0)=x2 Ry; 0= 2M:

Note that maxf U(t);0g and max U(t);0g are the magnitudes of the harvesting and the
stocking rate, respectively. We suppose thdtl(t) takes values in a compact subsdt)l R
and 02 U. This means that the maximal harvesting and stocking rates are bounded and
that one can always choose to not interfere with the population, that is, pickJ(t) = 0 at
certain timest 0.
Let Ax. denote the collection of all admissible controls with initial valuex; )2 R, M
The collectionA,. of admissible controls is de ned to contain the elementd( ) such that
U(t) is F (t)-adapted,
U(t) 2U foranyt O,
X () Oforanyt O.

LetP: R, M! [0;1 ) be the price of the species per unit. The price depends on the

population size and the environmental state. The accumulated income can be written as
1

e P X(s); (s) U(s)ds;
0

where > 0 is the time discount rate. In addition, we also suppose that the harvesting-
stocking is costly, something that is described by the cost functidd : R, M U ! [0;1).

Thus, for a control strategyU( ) 2 A,. , we de ne the performance functionas
Zy h i
(2.5) J x;;U () = Ex e ° P(X(s); (s)) U(s) C X(s); (s);U(s) ds;
0

where E,. denotes the expectation with respect to the probability law when the process
(X (t); (t)) starts with initial condition ( x; ). The goal is to maximizeJ(x; ;U ()) and
nd an optimal strategy U () such that
(2.6) Jx;;U () =V(X )= sup J x;;U():

U()2A x
For notational simplicity, we collect the price functionP () and the cost functionC( ) into
the price-cost functionp: Ry M U! R given by

p(x; ;u)=P( ) u Cx ;u
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As a result, the performance function Cf’tn be written as
1

(2.7) J(x ;U ()= Ex e °p X(s); (s);U(s) ds:
0

The following standing assumptions are made throughout the paper.

Assumption 2.1. (@) The functionsb( ; ) and (; ) are locally Lipschitz continuous
for each 2 M . Moreover, for any initial condition (x; ) 2 R+ M , the uncon-
trolled system(2.1) has a unique global solution.

(b) The function p(; ; ) is bounded and continuous for each 2 M .

Remark 2.2. We recall that in recent papers by Hening, Tran, Phan & Yin (2019), Hening

& Tran (2020) the authors assume that the stocking price is higher than the harvesting
price. In the current paper, however, the stocking and harvesting have the same price which
is a function of the current population size and the environmental regime. We take into
account the control cost by introducing the price-cost functiop( ). As a result our setting

is more general than those considered by Hening, Tran, Phan & Yin (2019), Hening &
Tran (2020). The cost function C(') allows us to take into account taxes, state constraints,
and incentives for sustainability that arise in practical settings. We will discuss several
extensions and related formulations in Section 3. In the rst extension, we look at the setting
where harvesting in a short timedt looks like U(t)X (t)dt, and U(t) lives in a compact set
including OJnote that the harvesting rate in time can be unbounded in this setting. In the
second extension, we look at the setting where the price is time-dependent, uncertain and
its evolution is described by a stochastic di erential equation. In the third extension, we
consider the combined e ects of random and seasonal (periodic) environmental uctuations.

A common approach in treating stochastic control problems is to characterize the value
function as a viscosity solution of a Hamilton-Jacobi-Bellman equation. Formally, the asso-
ciated equation of the underlying problem is given by

2(x; WVRx; )

NI

max VAx; ) bx; ) u +
(2.8) u2u

+ T GeVOGK) oG u) V() =0;
k=1

for (x; )2 Ry M . One can try to adopt this approach by following the techniques used by
Zhu (2011). However, as pointed out by Zhu (2011), under regime switching the associated
Hamilton-Jacobi-Bellman equation is complicated and a closed-form solution is virtually
impossible to obtain. Therefore, in order to treat the underlying formulation and extensions
in Section 3, we will approximate the original problem by a sequence of discrete-time optimal
control problems of approximating Markov chains.

Remark 2.3. Although our work is motivated by the presence of a Markovian switching en-
vironment, the numerical schemes we developed can also be used to solve harvesting problems
for di usion models without switching. In particular, one can simply takeM = f1g and put

q;|_1=0.
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2.1. Numerical Scheme.
We provide a numerical approach to gain information about the value function and the opti-
mal harvesting-stocking strategy. Using the Markov chain approximation method developed
by Kushner (1990) and Kushner & Dupuis (1992), we construct a controlled Markov chain
in discrete time that approximates the controlled stochastic processes. As pointed out by
Kushner & Dupuis (1992) a probabilistic approach using the Markov chain approximation
method for controlled di usions has some important advantages. First, the Markov chain
approximation method allows one to use physical insights derived from the dynamics of the
controlled di usion in obtaining a suitable approximation scheme. Second, the Markov chain
approximation method does not require signi cant regularity of the controlled processes (2.3)
nor does it rely on the uniqueness properties of the associated HIB equation (2.8).

Let h > 0 be a discretization parameter. De neS, := fkh:k 2 Z (g and letf(X/; 1):
n 2 Z o9 be a discrete-time controlled Markov chain with state spac&, M . At each
discrete-time stepn, the magnitude of the harvesting-stocking component” must be spec-
ied. Let U" = fUPg be a sequence of controls. We denote g ((x; k);(y;1)ju) the
transition probability from state (x; k) to another state (y;1) under the control u. Denote
Fo= XM hufim ng

The sequencdJ" is said to be admissible if it satis es the following conditions:

(@ UPis X8 Xy by byl Ul Jg adapted andU) 2 U for eachn;

(b) Forany (x;k) 2 S, M , we have

P er1]+1; 2+1 :(ka)JFr?

P Xfai e = (GKXS 1Up
d" (Xp: Rieak)jUp

(c) Xh2s,foralln2 2z o
The class of all admissible control sequencel' for initial state (x; ) will be denoted by
Ab
Foreach §; ;u)2 S, M U , we de ne a family of interpolation intervals t"(x; ;u ).
The values of t"(x; ;u ) will be speci ed later. Then we de ne

Xl
t6=0; th= t"(Xh niUR): th= th:
m=0

For(x; )2S, M andUh2 AQ; , the performance function and the value function for
the controlled Markov chain is de ned as

X
(2.9) JI"(x;;UM=E e thpXN; h-uhy thy vh(x; )= sup IN(x; ;U M)
m=0 UhZAQ;
The corresponding dynamic programming equation for the discrete approximation is given
by

X
Vi )=max e o) VR A (x5 )iy iu + G su) 0 )
(y; )25 M
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We will construct the transition probabilities and interpolation intervals such that the
Markov chain (X; ") approximates the proces§(X (); ()gwell, in the sense that they
are locally consistent. Then the similarity between (2.7) and (2.9) suggests that the val-
uesV"(x; ) and V(x; ) will be close for smallh, and this will turn out to be the case.
Solving the optimal harvesting problem for the chain (X'; ") , we obtain an approximat-
ing optimal value and an approximating optimal strategy for the continuous-time process

X(); () . The main convergence result is given below.

Theorem 2.4. Suppose Assumptions 2.1 holds. Thenforay, )2 R. M ,VM(x; )!
V(x; )ash! 0. Thus, for su ciently small h, a near-optimal harvesting-stocking strategy
of the controlled Markov chainf (X'; ")g is also a near-optimal harvesting-stocking policy

of X(); () -

Remark 2.5. From a control theoretic point of view, an admissible controU() 2 Ay

is called "-optimal with respect to (x; ) if J(x; ;U ()) V(x; ) ". A family of
admissible controlsU-( ) 2 A. parameterized by' > 0 is callednear-optimal  with respect
to(x; )if J(x;;U-()) V(X ) (") for suciently small ", where () is a function

of " satisfying (") ! Oas" ! 0. The "-optimal controls and near-optimal controls for
the chainf(X[; ")g can be de ned similarly. By virtue of Theorem 2.4 (see also Theorem
C.5), as h approached), a near-optimal harvesting-stocking strategy of the controlled Markov
chainf(X/; Mg will provide a near-optimal harvesting-strategy foiX (); () . As a result,

the original problem can be reduced to solving for a near-optimal harvesting-stocking policy
of the Markov chainf (X'; M)g.

3. Extensions

3.1. Variable e ort harvesting-stocking strategies.

In this subsection, we analyze an extension of our framework for which the harvesting-
stocking rates are not forced to be bounded as in (2.3)|see Alvarez & Shepp (1998, Section
3) and work by I. Kharroubi (2019). This allows us to take into account not only the impact
of the harvesting-stocking e ort, but also the abundance of the species itself. It is natural to
assume that the harvesting or stocking rate is proportional to the population size (Hening,
Nguyen, Ungureanu & Wong 2019). These types of harvesting strategies, where a constant
fraction of the population is harvested, are calle@¢onstant e ort harvesting strategiesand
are widely used in modeling sheries. We suppose théat is a compact subset oR and that

0 2 U. Our harvesting-stocking strategy will be such that in the small timedt we harvest
or stock the amountU(t)X (t) dt whereU(t) 2 U. We call these strategiewvariable e ort
harvesting-stocking strategiesThe dynamics that includes stocking and harvesting is given

by
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(3.1)
zt zt

X({®)=x+  bX(s); (s)) U(s)X(s) ds+ X(s); (s) dw(s); (0)= 2M:
0 0
Let Ax. denote the collection of all admissible controls with initial valueX; )2 R, M
where a strategyU( ) will be in A,. if U(t) is F (t)-adapted, U(t) 2 U for anyt O, and
X(t) Oforanyt 0. The corresponding performance function and value function are
given by

p(x;;U)=P(x;Z) X u Cx;u ;
J(% ;U ()= Ex 1 e °p X(s); (s);U(s) ds;
0
V(x; )= sup J x; ;U () :

U( )2A X;

Compared with the stocking-harvesting model (2.3), in this setting, one can harvest with
higher rates whenX (t) is large, while we can only stock at lower rates wheX (t) is small.
It is also clear that the stocking rate whenX (t) =0 is U(t)X (t) = 0 so that V(0; ) =0 for
any 2 M . This implies that one cannot restock a species once it is extinct.

3.1.1. Constructing the approximation schemeWe use the same method as in the preceding
section to construct a discrete-time controlled Markov chairf (X'; ") : n 2 Z g with
state spaceS, M =fkh:k2 Z ,g M . At each stepn, we need to specify a control
UM 2 U. We need to de ne transition probabilities g((x; k); (y;1)ju) and interpolation
intervals  t"(x; ;u ) so that the controlled Markov chainf(X[; Mg is locally consistent
with respect to the controlled di usion (3.1). For (x; ;u)2 Sy, M U  and the family of
the interpolation intervals t"(x; ;u ), we de ne

=0, th= t"(Xp mUn; =ty
m=0
For (x; )2 Sy, M , the classAl. of all admissible control sequences" for initial state

(x; ) can be de ned as before. Then the performance function for the controlled Markov
chain is de ned as

Th h R h h. h.pyh h

J(x;UM=E e '"p(Xq; miUq) ty:

m=0
The value function of the controlled Markov chain is
V'(x )= sup J'(x; ;U M):
uh2ah

The convergence result given in Theorem 2.4 is also valid in this caseVFf(x; yand V(x; )
are substituted forV"(x; ) and V(x; ), respectively.
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3.2. Uncertain price functions.

Since the harvesting-stocking problem we investigate is on an in nite time horizon, it is
natural to look at prices that can change in time. In this section we consider a more realistic
scenario with time dependent price functions (Alvarez & Koskela 2007, 1. Kharroubi 2019).
Working with the population model given by (2.3), we suppose that the per-unit price-cost
function is po(x; ;u )+ ( t) for (t;x; ;u) 2 R2 M U ; wherepy() is a deterministic
function and ( ) satis es the following stochastic di erential equation

(3.2) d(t)=h (1) (t) d+ o (1); (1) dwo(t); (0)= 2 R.:

We assume thatwg( ) is a standard Brownian motion in R which is independent of the

Brownian motion w( ) that drives the dynamics of the species. We also suppose tha{ ; )

and o(; ) are locally Lipschitz continuous function for each 2 M and are such that

(3.2) has a unique solution (), with ( t) 0;t 0 and supEj( t)j < 1 . We note that
t 0

the price depends on the current population size, the environmental regime, time (through
(3.2)), and is also in uenced by randomness. Note that ifo(x; ) 0, ( ) is simply time
dependent and no longer uncertain. In this setting the performance and the value functions
are given by

YA 1

$x; ;U ()= Ex e ° po(X(s); (s);U(s))+ ( s) U(s)ds;
(3.3) 0
Vi, )= sup Px ;U ()

U()2Ax

3.2.1. Constructing the approximation schemeln order to treat the uncertain price function
given by (3.2), we combine X (); () and ( ) into one controlled process ( ); X (); ()
with initial condition ((0) ;x; )=( ;x; ). The set of admissible strategies,. is de ned
as in Section 2 and does not depend on (0). With the price function above, the performance

function becomes 7
1

b X, ;U () = Ex e ° po(X(s); (s);U(s)+ ( s) U(s)ds;
0

whereE .. denotes the expectation with respect to the probability law when the process
(( t); X (t); (1)) starts with initial condition ( ;x; ) and the value function is
V(ix )= sup P ixU ()
U()2A x
To approximate the controlled process ( ); X (); () , we construct a discrete-time con-
trolled Markov chain  ( "; X", M:n2Z o with state space8, M , where

8, = (kih;kh)°2 R?: k2 2Z o

Note that we addf g to approximate the evolution of the price component (). There-
fore, the computations are more involved than those in the preceding settings. At each
step n, we need to specify a controlJ) 2 U. We need to de ne transition probabili-
tiesq" (;x;k );(;y;l)ju and interpolation intervals t"(;x;k;u ) so that the controlled
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Markov chain ( 7;X: M) is locally consistent with respect to the controlled di usion
(2.3) and (3.2).

For (;x; )2 8, M ,the cIassAQ; of all admissible control sequenced" for initial
state (;x; ) can be de ned as before. Then the performance function for the controlled
Markov chain is de ned as

%
PGxUu M=Ex e ' opoXhi RiUD+ B ULt

m=0

The value function of the controlled Markov chain is

Vh(ix; )= sup FP(:x ;U M)

UN2A

As a natural analogue to Theorem 2.4 we get the following convergence result.

Theorem 3.1. Suppose Assumption 2.1 holddp(; ) and o(; ) are locally Lipschitz

continuous function for any xed 2 M , and that (3.2) has a unique solution( ) for

which (t) OandsupEj(t)j< 1. Thenforany(x; )2 R: M and = (0) one has
t 0

PrGx ) PGx )

ash! 0. Furthermore, for su ciently small h, a near-optimal harvesting-stocking strategy
of the controlled Markov chain ( P;X['; ") is also a near-optimal harvesting-stocking

policy of ( );X(); () .

3.3. The combined e ects of seasonality and Markovian switching.

In this section, we focus on another extension of (2.3) in which the population model is
periodic. This is very natural if one considers that seasonal e ects are periodic and strongly
in uence the dynamics of species.

There have been multiple papers treating periodic environments in ecology (Cushing 1977,
1980, Henson & Cushing 1997, Rinaldi et al. 1993). Some of these have shown how periodic
forcing can create interesting new phenomena. In White & Hastings (2020) the authors
present a synthesis on the important role of seasonality in ecology. They explain how our
knowledge on seasonal dynamics is limited both empirically and theoretically. Few studies
have looked at the joint e ects of periodic and random uctuations. The current section is
a rst step in the direction of nding the optimal harvesting-stocking strategies when both
random and seasonal e ects are taken into account.

If we include seasonality the dynamics is given by

Zt Zt
(3.4) X(t)y=x+  b(s;X(s); (s)) U(s) ds+ s; X(s); (s) dw(s);
0 0

whereb( ;X; ), (;X; )are periodic with periodT > 0. We also suppose that the price-cost
function p(t; x; ;u ) is periodic with period T for each ; ;u ). The performance function



12 A. HENING, K. Q. TRAN, AND S. UNGUREANU
becomes
Z 1

(3.5) F(x; ;U () = Ex e °p s;X(s); (s);U(s) ds;
0

and the value function is de ned in the standard way. Since the functiong( ), (), and p()
are time-dependent and the time horizon of the control problem is in nite, the approach we
used for the previous formulations no longer works. In order to treat this case, we introduce
a deterministic function ( ) to capture the time and convert it into the interval [O;T).
Thus, we will study the total expected discounted value starting from any time 2 [0; T).
Speci cally, we consider a generalization of (3.4){(3.5) given by
Zt Zt

(3.6) X({)=x+ b(s);X(s); (5)) U(s) ds+  ((9);X(s); (s)dw(s);

(t)=t mT; wherem2Z gsuchthatt2 [mT;mT + T):

We consider the combined process( ); X(); () . The performance function and the
value function are given by

F(;x ;U ()
®(;x

Z 1
E x e °p (s);X(s); (s);U(s) ds;

(3.7)

sup ¥ ;x ;U ();
U()2A
where E ... denotes the expectation with respect to the probability law of the process
(t); X (t); (t) bhaving initial conditions ( );X( ); () =(;x ).

3.3.1. Constructing the approximation schemeln this case, we need to use two positive
parametersh; and h,, where T is a multiple of h;. Let h = (hy;hy). We construct a
discrete-time controlled Markov chain ( ;X My:n2Z , with state spaceS, M
where

S = (ix)=(kihi;koh2)’2 R®: ki 2 Z o;ky  T=hy
Note that we addf "g to approximate the time ( ). At each stepn, we need to specify
a control U" 2 U. We need to de ne transition probabilities g" (;x;k );(;y;!)ju and
interpolation intervals t( ;x;k;u) so that the controlled Markov chain ( P;X[; M) s
locally consistent with respect to the controlled di usion (3.6).

For (;x; )2 & M ,the classA",. of all admissible control sequences" for initial
state (;x; ) can be de ned as before. Then the performance function for the controlled
Markov chain is de ned as

X
FGx;U M=E e p( iR hiUR)
m=0
The value function of the controlled Markov chain is
®(x )= sup F(ix ;U ")

UN2A o
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It should be noted from the periodicity of the problem thatforany (;x; )2 [0;T) R: M
one has

C(:x; )=e T8 +T:x ), ¥"(;x )=e TO"( +T;x )

This property will allow us to work with the compact time interval [0; T] instead of the entire
in nite horizon [0; 1 ): The convergence result is given below.

Theorem 3.2. Suppose the following assumptions hold:

(1) The functionsb(; ; ) and (; ; ) are locally Lipschitz continuous for each 2 M .

(2) For any initial condition (;x; )2 [0;T) R. M | the uncontrolled system(3.4)
has a unique global solution.

(3) The price p(; ; ; ) is bounded and continuous for all 2 M .

(4) Foreach(x; )2 Ry M andu2U, the functionsb( ;x; ), (;%x ), p(;X ;u)
are periodic with periodT > 0.

Then forany (;x; )2[0;T) R: M , we have
0 ) RGx )

ash! 0. Furthermore, for su ciently small h, a near-optimal harvesting-stocking strategy
of the controlled Markov chain ( P;X[; M) is also a near-optimal harvesting-stocking

policy of (" );X(); () .

4. Numerical Examples

We explore some numerical examples, using various models and assumptions. Throughout
this section, we suppose the time discount rate is= 0:02. LetB 2 (0;1 ) be an upper bound
introduced for computational purposes. If not speci ed, we will takdd = 4 in our examples.

We assume that the environment only switches between two states, Bb = f1;29. We
exhibit various price-cost formulations to explore for features, and possibly new phenomena,
in the various considered models.

4.1. Introducing switching in a Verhulst-Pearl system.
A model that is extensively used in biology is the Verhulst-Pearl one. The dynamics that
includes switching is given by

dX() = X() ((©) ( @OX(@E dt+ (1) X(O)dw(t):

Here ( ) is the growth rate in environment , ( ) is the intraspeci c competition rate

in environment , and ?( ) is the variance of the per-capita environmental uctuations.

Suppose there areny environmental states in environment (). One can x an environment
and look at the dynamics of the population in that environment

dX =X () () ()X (1) dt+ ()X (dw(t):
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The stochastic growth rate of the species (Chesson & Ellner 1989, Chesson 2000, Schreiber
et al. 2011, Hening & Nguyen 2018) in environment is given by
_ (1)

r()= () —
Following Evans et al. (2015), this stochastic growth rate completely determines the long term
behavior of the population in each xed environment. Ifr( ) > 0 we get the convergence
to a unique stationary distribution on (0;1 ). If r( ) < 0 the population goes extinct in
environment and with probability 1 we have

InXt (t): ()< O

lim
ti1
If r( ) =0, by Evans et al. (2015) the population process is null recurrent in environment

. This means the population does not go extinct but also does not converge to a stationary

distribution; it keeps uctuating between large and small values. Let (3;:::; m,) be the
stationary distribution of the Markov chain (t). If
Xo 2
N R L
k=1

we get by Hening & Li (2020) that the population converges, if there is switching, to a
stationary distribution.

We consider a Verhulst population modelwith ( )=4 ; ()=2; ()=1;(x; )2
R: f 1;29: As a result the stochastic growth rate in environment is
1
=(4 —
(=@ ) 5

which impliesr(1) > 0 andr(2) > 0, so if the environment would be xed to either of the

values, the species would converge to a unique stationary distribution d®,. Suppose
that the generator Q of the Markov chain () is given by; = 0.1, gio = 0:1, ¢p; = 0:1,
2 = 0:1. This implies that the stationary distribution of (t) is ( 1; 2) = (0:5;0:5).
Henceforth, let the set of controls b&J = fu:u= k=500k 2 Z; 1000 k 150Qy where
unspeci ed.

In a rst experiment, we compare this model to a baseline model, wherg( ) = 2:5,
which is in between the two values for the switching environments. To isolate the e ect of
switching, in our rst example we keep the price and cost functions simplé?(x; ) =1 and
C(x; ;u)=0.

We have presented the formulation theoretically in Section 2, and we describe a detailed
procedure in Section 2.1 and Appendix A. In the following numerical formulations, we will
apply similar procedures, described in the same sections. For an admissible stratelgy) we
have Z,

Jx;U() =E e *pX(s) (s);U(s) ds:
0
Based on the algorithm constructed above and in the Appendixes, we carry out the com-

putation by using the methods in Kushner & Dupuis (1992). We take the initial control
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Uo(X; ) 0 and set the initial valuesV{(x; ) 0. We outline how to nd the sequence

of values ofV"() as follows. At each levek = h;2h;:::;B, 2 M , and controlu 2 U, we
compute
X
Vi (6 juy=e U0 Vs a6 )i(ys i+ p0G u) 06U ):
(v; )2Sh M

Working with the compact set state space [B], we use re ection ifx = B; that is, V(B +
h; )= V(B; )forany 2 M . Then we choose the controU",, (x; ) and record an

improved valueV, (x; ) by

Urt11+1 (X; ) = argrnaquU Vnh+1 (X; J U); Vnh+1 (X; ) = Vnh+1 (X; J Urr1]+1 (X; ))
The iterations stop as soon as the increment,, () V() reaches some tolerance level.
We set the error tolerance to be 1.

41 -

- ... onoswitchng ai no switching

— =541

——c =2

Harvesting

38 -

37 -

00 05 10 15 20 25 30 35 40 0.00 025 050 075 1.00 125 150 175 2.00
Population Population

Figure 1. Value function (left) and optimal harvesting-stocking rate (right)
for a model with switching aecting ( ) =4 , compared with a baseline
model with no switching and ( ) =2:5:

The numerical result is shown in Figure 1. The value function in the left panel is increasing
in both the switching and the baseline models, as expected. Moreover, it is concave, which
implies that the marginal value of one small unit of population decreases. This is expected
because population growth becomes less favourable as the population size increases|a result
of intra-species competition.

Because the transition probability rates were chosen to be small, the value function of the
baseline model is in-between the value functions for the twostates of the switching model.
When the transition probability rates increase, that will not always be the case, because the
value function in one state is determined, in part, by the value function in the other state.
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Another expected result is that the optimal harvesting rate in the second panel of Figure 1
is bang-bang|it switches between extremes at a certain population threshold. This should
be the case, because the cost of harvesting-stocking is 0, and therefore independent of the
value. This was shown theoretically for a model without switching in Hening, Nguyen,
Ungureanu & Wong (2019). In the second panel, we also see that the optimal stocking-
harvesting transition happens at a lower population level in the growth-unfavorable state

= 2, when compared with the intermediate growth baseline and the growth-favorable
state = 1. Intuitively, lower growth prospects imply optimal extraction should start at a
lower population level.

Numerical experiments where ( ) and ( ) are also allowed to depend on show results
with similar features, so we omit them for brevity.

4.2. Analysis of the e ect of the control cost.

We expect to nd all or nothing harvesting-stocking when the cost is not convex in the rate,
even when there is environmental switching. Using the same set-up as above, but now with
a convex cost functionC(x; ;u ) = u?=2, we nd that the optimal control is not bang-bang
anymore (Figure 2). Further numerical experiments (Figures 9, 10, Appendix D) support the
following conjecture, which says that, with cost functions that are not convex, the optimal
strategies are bang-bang, with thresholds that may depend on the states

Conjecture 4.1. Suppose we have one species that evolves accordin(®18) and suppose
Assumption 2.1 holds, the pric& only varies with the environment, the cost does not depend
on the population sizeC(x; ;u ) = C(;u ) and the cost is not convex in the harvesting rate
u. Furthermore, assume that in the absence of harvesting the species persists, i.e.,

Xo 2
(=" « (0 9

k=1
One can construct the optimal harvesting strategy as follows. There exists a threshold
0 u(k) 1 forthe po;()ulation such that, iftX (0 ) = x, then

inf U; if t> 0; (t)= k; X(t) <u (k);
supU; if t> 0 (t)=k; X(t) u (k):

> 0

(4.1) U (t) =

From the right panel of Figure 2, we note that the growth favorable state, = 1, is more
conducive to expensive harvesting and stocking, which is intuitive and expected. The value
functions are again concave and increasing in population, as expected. This will be common
across all numerical examples considered. Henceforth we may omit the value function from
gures.

4.3. Large and small transition rates with switching.

In the left panel of Figure 2, the apparent overlap between the value function of the baseline

model and the switching model in the state = 1 is coincidental. Numerical experiments

show that increasing the switching probability rates pulls the value function graphs for
= 1;2 toward each other. If the switching rates were very small, the green baseline
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Figure 2. Value function (left) and optimal harvesting-stocking rate (right)
for a model with switchingaecting ( )=4 , and convex cosC(Xx; ;u ) =
u?=2, compared with a baseline model with no switching,( ) = 2:5, and the
same cost function.

value function would be sandwiched between the red and blue value functions. As the
switching rates become large, the value functions of the two switching states will overlap
in the limit. 1 Figure 3 shows this process for the same speci cation as above, wiign=

1 210;0:010:1;1; 10, 1g . The following remark con rms the numerical experiments that
suggest convergence.

Remark 4.2. If we divide the switching rates by and let" # 0 we have a slow-fast dynamics
where the switching happens on a much shorter time scale. One can show that the dynamics
without harvesting (2.1) will converge (Hening & Li 2020) to

(4.2) d (t)= b( ())dt+ ( (t))dw(t);
where
Xo
(4.3) b(x) = b(k) «:
k=1
and
v
e
(4.4) = 2(K) «:
k=1

IThe value function in a switching state is in uenced by the value function in the other state, since there
is a probability of transition.
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Figure 3. The left and right panels show the same value function graph, but
on di erent vertical scales. The model is discussed in Sections 4.2, 4.3. The
green solid curves in both panels corresponds to a model without switching
and =2:5, orto a model with =4 and in nitely large switching rates.
The blue long-dashed curves in the left panel show models with no switching
and =3, = 2 respectively, or equivalently a model with =4 and

in nitely slow switching rates. The red dashed curves in the left panel are for
a model with =4 and ¢q2 = p; = 0:01. The black dotted curves in both
panels correspond to the same model, bgt, = ¢ = 0:1. The teal dot-dashed
curves in the right panel correspond tay, = ¢ = 1, and the orange dashed
curves in the right panel tog, = ; = 10.

that the optimal stocking-harvesting strategied” of the system(2.3) converge as' # 0 to
the optimal harvesting-stocking strategy) of the system
Zt Zt
(4.5) X(t)=x+  bX(s); (s)) U(s)ds+  (X(s); (s))dw(s):
0 0
Further numerical experiments, which we omit, show that if the switching rates are such

that they favour one state over the other in the stationary distribution, the value function
of a simplied system with only the favoured state will be closer to the value function
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with switching, than the value function of a simpli ed system with only the unfavoured
state. That is because the environment is mostly in the favored state, and its conditions are
therefore more relevant to the valuation.

4.4. Switching in the cost and price functions.

We have shown how the dependence of the cost function on the harvesting rate determines
whether harvesting is bang-bang. It turns out that non-trivial price functions may also
smooth out the optimal harvesting rate. We have looked at three typical functional forms
for a per-unit price-cost functionp(x; ;u ) = po(u), two of which can capture monopolistic
competition, i.e., imperfect competition. The rstis a simple constant price functionpg(u) =

p; p > 0; which is appropriate when the market in uence of the extraction operation is low.
The second has a piecewise linear decreasing form given by

8

2D; 1 2u P
(4.6) po(u)= _ (1 Ui 0< 1 U<

"0 else

The third has a constant price elasticity of demand form, and is given by

p; 2+ Ui P

4.7 uw= " e
@) PUO= e w0 v U <p

The functions represent instantaneous market demand, and obey common sense assumptions.
In particular, the price decreases as the supplied quantity increases, and the price is always
positive. Both forms are typical choices in modeling market behavior. The economic model
implied by the price dependence is the following: the instantaneous harvested rateis

a quantity placed in a common market, where the total supplied by all sources is what
determines the instantaneous common nal pricel, and hence the returns.

The constants ;; , are positive. They capture, among other things, the contribution to
total harvested quantities from di erent sources. In the third formulation, is negative and
represents the price elasticity. The constanp is added to account for unbounded negative
ow rates (e.g., unrealistically large stocking events) in the economic demand model. Large
negative values ofu could make the overall market supply negative|something evidently
not possible|so we ignore such events for practical applications. That is, we want to keep
prices belowp in our examples.

Figure 4 shows, as an example, the harvesting strategy corresponding to two price func-
tions, also known as demand functions, based on the functional forms discussed. The left
panel corresponds to linear demangh(u) =1 u=4, and the right panel top(u) = (1+ u=3) 1.
The second form is for a good with unit elasticity. The constants were chosen so that price
will not be negative in the harvesting range, but are otherwise arbitrary. Di erent choices

2The (price) elasticity of a demand function is a measure of the responsiveness of the quantity demanded
to price changes, measured in an unit free manner, dened as = 9 B and widely used in economics.

dp u’
= 1is de ned as \unit elasticity."
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of slopes and elasticity values lead to similar qualitative conclusions|with no cost, when
up(u) is concave, we have a harvesting strategy that is continuous in the population level.

20 -

15 -

1.0 -

05 -

0.0 -

Harvesting
Harvesting
=

- _1
— PW)=
0.5 -

1.0 -

00 05 10 15 20 25 30 35 40 00 05 10 15 20 25 30 35 40
Population Population

Figure 4. The left and right panels show the optimal harvesting functions
for the model in Section 4.2, for two price functionsp(u) =1 u=4 on the
left, and p(u) = (1 + u=3) ! on the right. There is no dependency on here,
and = 2:5. The other parameters are as before.

4.5. Interlude with intuition and conjecture.

In the previous examples, the interpretation of the control value was \population units
extracted per unit of time." Based on marginal cost-bene t analysis and intuition, we sus-
pect that a consequence of such a cost formulation, together with others that ensure that
the value functions is increasing and concave, is that the optimal harvesting strategies are
monotonically increasing in the population level (see also Figures 1, 2 and 4).

Our intuition is as follows: Let's take for granted that the value function is increasing and
concave in the population variable. Consider the cost-bene t of seeding an extra unit of pop-
ulation, or harvesting one less. If the population increases, the sale value of one future unit
of population is the same, but future growth is less favourable at higher population levels,
because of intra-species competition. Taking into account both, we can say that we have a
decreasing marginal bene t of having an extra unit of population, as population increases.
We can also see it in the concave shape of the value function. Its rate of increase per unit
of population decreases as population increases. Moreover, with constant e ort harvesting
strategies|that is, cost dependent on the absolute value of stocking or harvesting|marginal
cost per unit does not depend on the population level. The di erence between marginal ben-
e t and marginal cost is also monotonic decreasing, which means thet marginal bene t of
one unit of population is decreasing in the populationThis implies that marginally increas-
ing the population level would make stocking less favourable or harvesting more favourable,
SO we have a monotonic increasing harvesting strategy.

We have not found a way to restrict our general model to provide a clear conjecture
statement, mainly because our model only allows for nite rates of harvesting and stocking|
which we consider more realistic. However, there are many suggestive results in the literature
that are supportive of our thinking, if we relax this assumption and allow possibly in nite
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stocking-harvesting rates. Song et al. (2011) show in Theorem 4.4 that the value function
is continuous for a model similar to our baseline model, with switching. Alvarez E. &
Shepp (1998), Alvarez (2000), working with a Verhulst-Pearl model and a general di usion
model respectively, with no switching, constant price-cogt, and a possibly in nite rate of
harvesting, show that the value function is continuous and increasing. Hening, Tran, Phan
& Yin (2019), working with a multi-dimensional population system with harvesting and
stocking, no switching, state-dependent price-copt and a possibly in nite rate of harvesting,
show in Proposition 2.5 that the value function is increasing and Lipschitz continuous. It
can be easily shown that Proposition 2.5 from Hening, Tran, Phan & Yin (2019) can be
generalised to a model with switching.

4.6. Variable e ort harvesting examples.

Monotonic strategies are evidently simpler to interpret, to implement, and to parametrize.
But we want to know what happens to a model if control is borne di erently. What if the
cost depends on the intensity of extraction, rather than on the extracted quantity itself?
Numerical experiments, e.g., the one in Figure 5, show that the optimal harvesting strategy
may not be monotonic in such cases; for example when the cost of control applies to the
fractional harvesting or seeding time rate. That is because the cost incurred through harvest-
ing or seedingper unit of population per unit of time, can now decrease as the population
increases|even with an increasing cost function! With a possibly decreasing marginal cost
of extraction, we may have a non-monotonic net marginal bene t.

This makes the v-shape in the right panel possible. If the population stock is very low,
while growth is favourable, the cost per unit seeded is not favourable at all. As the population
grows, seeding costs per unit go down, so the optimal strategy re ects that. After further
increases, costs stay low, but growth prospects diminish as well. Hence optimal control
slowly shifts from seeding to extraction. The adaptation of our general model for such a
type of control was described in Section 4.6. The discussion of the numerical method is
detailed in Appendix A.2.

4.7. Stochastic pricing examples.
A realistic model of population management may want to take into account that the value of
the resource varies over time. We have already considered price dependence on gross quantity
extracted. But price can also change over time because of external factors. For example,
usually economists model the price of a commodity as a stochastic variable (Osborne 1959,
Miltersen 2003). If this variability is large enough, we would like to understand what e ects
it has on our optimal population management strategy. The following is not the standard
model of price stochasticity used in nance, but it is convenient for our set-up.

Consider the price-cost function

p(t;x; ;u ) =(po(;u)+ ( )u C(txu); (X )2R. M ;t2RY;
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Figure 5. The left and right panels show the value function and optimal
harvesting rate for a model with variable e ort harvesting, and switching that
a ects the population growth rate. ( )=2 =2, ( )=1=2, and the cost
function is u2. The other parameters are as in Section 4.1. For simplicity, we

show only the value function and the harvesting strategy for = 1. The other
state has similar values and controls.

wherepo() =1, and C(t;x; ;u ) = u?=2. If we ignore random perturbations, the evolution
of () is given by

d(t)=(t)04 (t)dt (0) 2][0;04):

It can be seen that (t) 2 (0;0:4) foranyt Oand (t)! 04ast!l . Now we suppose
that the evolution of ( t) is subject to a white noisewy( ) and is given by

d(t)=(t) 04 (t)yd+05(t) 0:4 (t) dw(t):
We also have (t) 2 [0;0:4) with probability one.
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Figure 6. Harvesting rate in regime =1, 3D plot on the left, contour plot
on the right. Stochastic price given bypg( ;u )+ ( t), cost by C(u) = u?=2,
and the other parameters as in the baseline model. Discussion in Section 4.7.
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The harvesting policies for the two regimes share the same shape, so Figure 6 shows the
harvesting rate as a function of population siz& and the observation of the price (), for
one of the regimes, =1, for brevity. The value function has the usual properties, and we
omit its graph. It is increasing and concave in population for all price cross-sections in the
range. Moreover, xing the population variable, we see that higher prices are more conducive
to both harvesting and seeding, as expected.

4.8. Seasonal and periodic variability.
Finally, in this subsection, we consider applications of our method to models with periodic
parameters. Here, periodicity can be thought of as representing seasonal changes in the
environment. In this example, we consider a simple adaptation of the Verhulst model, where
growth is additively a ected by a sine wave. There is little justi cation for this functional
form, except to point out that our sine wave would be one of the two likely lowest order
terms in the Fourier expansion of any periodic dependency we may conceive.
Supposeh(t;x; ) = x4 +sin2t) 2x), (tx; ) = x, P(t;x;;u) = 1, and
C(t;x; ;u ) = u?=2, where €x; ;u) 2 R2 f 1;2g U . To help with numerical esti-
mation, we reduce the population range, the control range and the sampling density. Now
U=fu:u=k=20k2 Z; 20 k 40g. The time steph, is T=4000. The other param-
eters are as before. Note thab( ;x; ), (;%; ), and p(;Xx; ;u ) are periodic with period
T=1.
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Figure 7. Harvesting rate in regime = 1, 3D plot on the left, contour
plot on the right. This corresponds to an adapted Verhulst model, with drift
a ected by a sine wave,b(t;x;a) = x(4 sin(2t) 2x), (tx; )= X,
constant pricing and quadratic cost,C(u) = u?=2. Discussion in subsection
4.8.

Figure 7 shows the estimation results for the harvesting rate as a function of population
sizex and the time t. As we can see the periodicity of the growth rate is apparent in the
graphs. It is interesting that the maximal and minimal e ects on the harvesting rate do not
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match the maximum and minimum of the sine wave at = 1=4 andt = 3=4. Not only is the

e ect of harvesting out of phase with the sine wave, the e ects on harvesting and stocking
seem to be out of phase with each other. At this point, we are not sure if this observation is
an artefact of the limited sampling in the numerical estimation, or a robust result. We omit
the value function and the harvesting regime for = 2 for breuvity.

Figure 8. Harvesting rate in regime = 1, 3D plot on the left, contour
plot on the right. The parameters correspond to the baseline Verhulst model,
b(t;x;a) = x(4 2x), (t;x; )= X, price is constant, and the quadratic

cost is a ected by a sine waveC(t;u) = (1 +sin(2 t ))u?=2. h; = T=16000,
andU 2 [ 1; 1]. Discussion in subsection 4.8.

Seasonality can a ect other parameters as well. In the following example, we have season-
ality a ecting costs, but not the growth of the population. Figure 8 shows what are intuitive
results. Harvesting when the cost is high is low, and vice-versa. Again, we omit the value
function and the harvesting regime for = 2 for breuvity.

5. Discussion

The objective of this paper was to develop a theoretically sound grounding for numerical
methods, that would allow us to analyze realistic, complex, stochastic population models.
Furthermore, we wanted to use these methods to explore the e ects of adding features or
extensions to classic models like Verhulst-Pearl, Gompertz and Nisbet. Among the extensions
of interest that we explored are Markovian environmental switching, periodicity, and non-
trivial harvesting and stocking cost and price dependencies. These are very important in
any realistic model of population management.

We showed that the optimal harvesting and stocking strategy is not always of bang-bang
typelthat is, all or nothing. The crucial factor seems to be whether the dependence of
the cost function is convex in the harvested time rate or not. A similar observation applies
to price dependency. Regarding environmental switching, we determined that, in the limit
of switching rates favouring one state versus another, the value function and harvesting
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rate converge as expected to the ones of the favoured state. Moreover, in the limit of
fast switching, the value function and harvesting rate converge to the one representing an
\average environment,” as is expected from the slow-fast dynamics analysis of stochastic
systems without harvesting (Yin & Zhu 2009, Hening & Li 2020, Du et al. 2021).

In general, we have monotonicity of the value function in the population size, but also of the
harvesting rate. The harvesting rate is increasing in the population size, which is intuitively
expected, as a higher population should be more suitable for harvesting, everything else
being equal. However, this observation breaks down when the cost of harvesting depends on
the proportion harvested from the available population per unit of time, as in the so-called
variable e ort strategies.

Seasonal variation in the model parameters also has implications that are expected or
intuitive. The maximum harvesting or stocking values correspond to times of maximal
fertility. 3 In the slow interval of the season, both harvesting and stocking are reduced.

Allowing the harvesting strategy to depend on a stochastic price variable leads to a variable
strategy where harvesting is favoured by high prices, and stocking is favoured by low prices,
as expected.

Overall, we think that proper numerical techniques are essential to test model validity by
numerical experiments, especially when the complexity of the model does not favour nding
explicit solutions. Moreover, such numerical methods are good at nding points of interest
in parameter space, and for formulating conjectures.

Acknowledgments. A. Hening is supported by the NSF through the grant DMS 1853463.
K. Q. Tran is supported by the National Research Foundation of Korea grant funded by the
Korea Government (MIST) NRF-2021R1F1A1062361.

30Observe that we have not considered models with a distinction between young and old. All individuals
are the same at all points in time, and have the same harvested value.
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Appendix A. Transition Probabilities

A.l. The formulation from Section 2.
We rst look at the details we need for the setting from Section 2. With the notation de ned
in Section 2.1, let & ;u) 2 Sy M U  and denote byERY, , CoV}, the conditional
expectation and covariance given by

fXn huhm o mXP=x = ;U= ug

respectively. Dene X! = X, X" Our objective in this subsection is to de ne
transition probabilities g"((x;k); (y;1)ju) so that the controlled Markov chainf (X'; Mg is
locally consistent with respect to the controlled di usion (2.3). By this we mean that the
following conditions hold:

Efv, XM =(bx;k) u) t"(x;ku)+ o t"(x;k;u));
Varfi, XfP= 2(x;ku) t"(xku)+ o t"(x;k;u));
(A.1) Plen( by =1 =agq t"(sk;u)+ of t"(x;k;u)) for 16 k;

Pl (e = K) =1+ da "Gk u)+ o t"(xk;u));
supj XMj! 0 as h! O
n; !
Using the procedure developed by Kushner (1990), fox;( ) 2 S, M andu 2 U, we de ne

Qn(x;k;u) = 2(x;k)+ hjb(x;k) uj hg + h;
2(x;k)=2+ b(x;k) u "h

o' (% K); (x + h;K)ju) =

ek (Z?h(x;k;uk) h’
V=0 + .

(A.2) q" ((xk); (x  h;K)ju) = ) Qh(i-bg’u)) s

h LY (v IYir — hzqd .

q' ((x;k); (x;Dju) = onck ) for k6 I; 2

h CLY- (ve LYY — . hiye kv (1) = .

q' ((x;k); (x; k)ju) = CNCTENL th(x; k; u) SNCANE
where for a real number, r* = maxfr;0g, r = minfO;rg. Setqg" ((x;k);(y;Dju) =0

for all unlisted values of ¢;1) 2 S, M . Note that sup,,., t"(x;k;u) ! Oash! O.
Using the above transition probabilities, we can check that the locally consistent conditions
of f(X": Mg are satis ed.

n*» n

Lemma A.1. The Markov chainf(X[; Mg with transition probabilities fg"( )g de ned in
(A.2) satis es the local consistence inA.1).



30 A. HENING, K. Q. TRAN, AND S. UNGUREANU

A.2. Variable e ort harvesting-stocking strategies.
For (x;;u) 2 S, M U , let EfY , CoWY, denote the conditional expectation and
covariance given by
fXn huhm o mXP=x = ;U= ug
respectively. Dene X' = X1, X In order to approximate the processX (); ())

given in (3.1), the controlled Markov chainf (X '; )g must be locally consistent with respect
to (X (); ())in the sense that the following conditions hold

Efin Xi=(bxk) ux) t"(xku)+ of t"(x;k;u));
Varfi, Xf= 2(x;ku) t"(xku)+ o t"(x;k;u));

(A.3) PIY (=)= aa t"(xku)+ of th(x;k;u)) forl6 k;
Pl (s = K) =1+ ga t"(ksu)+ of "0 K;u));
supj X"j! 0 as h! O
n; !

To this end, we de ne the transition probabilities o ((x; k); (y; Dju) as follows. For {;k) 2
Sy M andu?2U, let

Qn(x;k;u) = 2(x;k)+ hjb(x;k) uxj h?qg«+ h;
2(x;k)=2+ b(x;k) ux)*h

o (% K); (x + h; K)ju) =

e a8 )
(A.4) q’ ((x;k); (x h,k)lu)—2 OnOck: 1) ;

F (KNG = it for ke

q" (6 k); (x; K)ju) = m t"(x; k; u) = ﬁz‘ku)

Setq" ((x; k); (y; Dju) = 0 for all unlisted values of (y;1) 2 S, M

A.3. Uncertain price functions.
Let (;x;;u )28, M U  anddenote byE", , CoV/i, the conditional expectation
and covariance given by

h.yh. h.ph. . h_— . — v h_— .y h_— .
fm1Xm1 maUmym na n — 1X _X1 n — 1Un_u91

S =

respectively. Dene X = X", XPand N= D, h. In order to approximate

(( );X(); ()) given by (2.3)-and-(3.2), the controlled Markov chainf ( ;X "; ")g must
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be locally consistent with respect to ((); X (); ()) in the sense that the following condi-
tions hold:

Elen Xh=(bxk) u) t"Gxikou)+ ol t"(;xkiu));

Vari, XM= 2(xku) t"Gxkou)+ ol t"(oxkiu));

W = Iu(k) "Gxikiu)+ ol t(Gxikiu));
(A.5) Vari. b= k) t"Gxikiu )+ ol t"(ixkiu));

Pl (Ma=D=aq t"Gxkiu)+ ol t"(;xku)) for 16 k;
PP (M=K =1+ gu t"CGxkou)+ of t"(ixikiu));

x;k;n
supj Xj+j M1 0 as h! o
n; !

To this end, we de ne the transition probabilities "((;x;k );(;y;!)ju) as follows. For
(;x;k)28, M andu2U, let

Qn(sxkiu) = 2(¢k)+ hibx;k) uj+ §0GK)+ hib(xK)j  h*ae + h;

q ((;x:k ) (Gx + hik)ju) = Lok bk v ",

e e D () w
P(k)iCx = O

(8 XK NI = o for K6 |
qh((;x;k);(;x;k)jU)=—Qh(;);k.;uz; t':(;.x;k;U)=—Qh(;:;k;u);
q (%K) + hxk)ju) = Z(Xgh)(_;zxtkr;zogx’ 9.
@ (Gxik )i hixik)ju) = O(Xgh)(:;zxj’kr;‘zo ;X; K,

Setq" ((;x;k );(;y;1)ju) =0 for all unlisted values of (;y;l) 2 8, M

A.4. The combined e ects of seasonality and Markovian switching.

Recall that §, := f(;x) = (kih;;koho)°2 R?2 1 ki 2 Z o;ky  T=hmg: Let (;x;;u ) 2
$ M U and denote byE™!.. , CoVlil., the conditional expectation and covariance
given by

h-Ulm n; "= :Xh=x; "= ;U= ug

respectively. Dene X! = XM, Xfand 0= N, N Inorder to approximate

(( );X(); ()) given by (3.4), the controlled Markov chainf( ;X "; ")g must be locally



32 A. HENING, K. Q. TRAN, AND S. UNGUREANU

consistent with respect to ((); X(); ()) in the sense that the following conditions hold:

Eln Xi=(b(ixk) u) t"Cxkiu)+ o t"(xikiu));

varl., XM= 2(xkiu) t"Cxkiu)+ ol t"CGxkiu));

= th(ixku) if + t"(CGxku)<T;
(A.7) h= + t"(xku) T i+ t"(Cxku) T
PP (M =)= ga t"CGxckou)+ o t"(ixckiu)) for |6 k;
Pon (P =K =1+ g t"(xkou)+ of t"(ixku));

iu|pj XM+ M1 oo as h! O

To this end, we de ne the transition probabilities o' (( ;x;k );(;y;!)ju) as follows. Let
(;x;k)28 M andu2U.If +hy=T, +h;inthe following de nition is understood
as 0. Let

t"(;x;k;u) = hy;
2(;xk)=2+ b(;xk) uThy by
2 |
h . 2(;x;k)=2+ b(;x;k) u hy h
(A.8) d(;xk);( +h;x  hyk)ju) = = ;
2
d" (k)i +hixlju = hige; for 16k
' (k)i (o huaxkju =10 (xk)i(+ hx+ haikju

d" (;xk);( +hix  hyk)ju o Gxk)iC o+ haxihju
16 k

q" (%K) ( + hgx+ hyK)ju) =

Setq" ((;x;k);(;y;!)ju) =0 for all unlisted values of (;y;1)2 &, M

Appendix B. Continuous{time interpolation

We will present the convergence analysis for the formulation in Section 2. The other for-
mulas can be handled in a similar way. Our procedure and methods are similar to those
in Kushner (1990), Kushner & Dupuis (1992), Song et al. (2006). The convergence result
is based on a continuous-time interpolation of the controlled Markov chain, which will be
constructed to be piecewise constant on the time intervall;t",,);n 0. To this end, we de-
ne n"(t)=maxfn:th tg;t O The piecewise constant interpolation of (X; ":UMg,
denoted by X"(t); "(t);U"(t) is naturally de ned as

(B.1) X")= X "= e U= Ul tO
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Dene F"(t)= fX"(s); "(s);U"(s):s tg= Fl, . Alsodene
n*Xt) 1
MM0)=0; MP"@1)= ( Xp EN Xy for t O
m=0
It is obvious that
n'Xt) 1
(B.2) XMt)= x+ EN XM+ MA(t):
m=0
Recall that th = h?=Q,(X; N;uUh). It follows that
(B.3)
nhp) 1Eh Xh n%) ' h h h h
m m = uxm’ m)+ Um tm
= Zm=o Z,
= b(X"(s); "(s))+ U"(s) ds b(X"(s); "(s))+ U"(s) ds
Zot trr:h(t)
= b(X"(s); "(s))+ U"(s) ds+ "}(b);

0
with f"()g being anF "(t)-adapted process satisfying

lim sup Ej"(t)j=0 forany0<Ty<1:
ht Ot2[0;To]

For simplicity, we suppose that( irk1)f1:j (x;k)j > O (if this is not the case, we can use the
X;

trick from (Kushner & Dupuis 1992, p.288-289)). De new"( ) by

n*Xt) 1
(B.4) wh(t) = 1= Xpom) ( Xh o En X
m=0
Then we can write 7
(B.5) MP(t) = (X"(s); "())dw(s) + "5(1);
0

with f"( )g being anF "(t)-adapted process satisfying

lim sup Ej"5(t)j=0 forany0<To<1:
ht 0t2(0;To]
Using (B.3) and (B.SZ), we can write (B.2) as .
(B.6) X"(t)= x+ | b(X"(s); "(s))+ U"(s) ds+ t (X"(s); "(s))dw"(s) + ""(1);
0 0

where""() is an F "(t)-adapted process satisfying

lim sup Ej""(t)j=0 foranyO0<To<1:

ht 0t2(0;To]

The performance function from (2.9) %an be rewritten as
1

(B.7) NG UuN()=E e *pX"(s) "(s);U"(s) ds:
0
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Appendix C. Convergence

The convergence of the algorithms is established via the weak convergence method. To
proceed, letD[0; 1 ) denote the space of functions that are right continuous and have left-
hand limits endowed with the Skorokhod topology. All the weak analysis will be on this
space or itsk-fold products D¥[0; 1 ) for appropriate k. We follow (Kushner & Dupuis 1992,
Section 4.6) in order to introduce relaxed control representations, which we need in order to
prove the weak convergence.

De nition C.1. Let B(U [0;1)) be the -algebra of Borel subsets o [0;1 ). An
admissible relaxed control, which we will call aelaxed contro] m( ) is a measure orB(U
[0; 1)) such that

mU [O;t)=t forall t O:

Given a relaxed controlm( ), there is a probability measurem,( ) de ned on the -algebra
B(U) such that m(dudt) = m¢(du)dt. Let R(U [0;1 )) denote the set of all relaxed controls
onU [0;1).

With the given probability space, we say thatm(') is an admissible relaxed (stochastic)
control if (i) for each xed t 0, m(t; ) is a random variable taking values irR(U [0;1 )),
and for each xed!, m(;!) is a deterministic relaxed control; (ii) the function de ned by
m(A [0;t]) is F (t)-adapted for anyA 2 B(U). As a result, with probability one, there is a
measurem( ;! ) on the Borel -algebraB(U) such that m(dcdt) = m(dc)dt.

Remark C.2. For a sequence of control&J" = fU" : n 2 Z g, we de ne a sequence
of relaxed control equivalence as follows. First, we setf(du) = un(y(du) for t 0,
where yn () () is the probability measure concentrated aun(t). Then m"() is de ned by
mP(dudt) = m(du)dt; that is,
zZ, Z
m"(B [0;t]) = ung(du) ds; B2B(U) and t O
0 B

Recall that R(U [0;1 )) is the space of all relaxed controls o [0;1 ). Then R(U
[0; 1 )) can be metrized using the Prokhorov metric in the usual way as in (Kushner & Dupuis
1992, pages 263{264). With the Prokhorov metricR(U [0;1 )) is a compact space. It
follows that any sequence of relaxed controls has a convergent subsequence. Moreover, a
sequence ()non With 2R (U [0;1 )) convergesto 2R (U [0;1)) if and only if for

any continuous functions with compact support () on U [0;1 ) one has
z Z

(u;s) n(du;ds)! ( u;s) (du;ds)
U [0:1) U [0;1)
asn! 1 . Note that for a sequence of ordinary controlt)" = fU" : n 2 Z 4g, the
associated relaxed controi"(dcdt) belongs toR(U [0;1 )). Note also that the limits of
the \relaxed control representations” of the ordinary controls might not be ordinary controls,
but only relaxed controls.
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With the notion of relaxed control given above, we can write (B.6) and (B.7) as

(C.1) z z
X"(t) = x + b(X"(s); "(s))+ U(s) m(du)ds+ (X"(s); "(s))dw(s) + ""(t);
0 0
y
(C.2) "X ;m ()= E "o *p X"(s); "(s);u mi(du)ds:

0
The value function de ned in (2.6) can be rewritten as

V(x; )=supfJ(x; ;m ()): m() is an admissible relaxed contrgj,

where zZ,
J(x; ;m ()= Ex e °p X(s); (s);u ms(du)ds:
0

Lemma C.3. The processf "()g converges weakly to (), which is a Markov chain with
generatorQ = (gq).

Proof. The proof is similar to that of (Yin et al. 2003, Theorem 3.1) and is therefore omitted.

Theorem C.4. Suppose Assumption 2.1 holds. Let the chafr(X; ")g be constructed
using the transition probabilities de ned in(A.2), X"(); "();w"() be the continuous-
time interpolation de ned in (B.1) and (B.4), fU/'g be an admissible strategy anch"( ) be
the relaxed control representation of U'g. Then the following assertions hold.
(a) The family of processedH"() = X"(); M();m"();w"() is tight. As a result, it
has a weakly convergent subsequence with litdi¢) = X (); ();m();w() :
(b) Let F (t) be the -algebra generated byH(s):s t . Thenw() is a standardF (t)

adapted Browznian motion,m( ) is an admissiblg control, and
t t
(C.3) X(t)=x+ [B(X (s); (8))+ u]lmg(du)ds+ (X(s); (s)dw(s); t O
0 0
Proof. (a) We use the tightness criteria in (Kushner 1984, p. 47). Speci cally, a su cient
condition for tightness of a sequence of processé$ ) with paths in D¥[0; 1 ) is that for any
To; 2(0;1),

EM "t+s) Mt E" (h; ) forall s2[0; ] t To
lim limsupE (h; )=0:
"0 nmo

The tightness off "()g is obvious by the preceding lemma. The proce$sn"( )g is tight
since its range space is compact. It is standard to show the tightnesgaf"( )gandf X "()g{
see Song et al. (2006) for details. As aresult, a subsequendd®df) = X"(); "();mM();w"()
converges weakly to the limitH( )= X (); ();m();w() .

(b) For the rest of the proof, we assume the probability space is chosen as required by
Skorokhod representation. Thus, with a slight abuse of notation, we assume thait"()
converges to the limitH (') with probability one via Skorokhod representation.
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To characterizew( ), let R;  be arbitrary positive integers. Pickt> 0, > Oandft, : k
Rgsuchthatty, t t+ foreachk. Let () be real-valued continlﬂp%_l? functions that are
compactly supported onU [0;1 ) foranyj §. Dene( j;m);:= (; v i(u;s)m(duds).

Let ( ) be a real-valued and continuous function of its arguments with compact support.
By the de nition of w"() in (B.4), w"() is an F"(t)-martingale. Thus, we have

(C.4) E X"t); "(t);w'(t);(5;mMe:j Bk R wh(t+ ) w(t) =0;

and
(C.5)
E X"(t); "(t);w(t);( jimMe;i Bk R wh+ ) wh®) P th() =o:

By using the Skorokhod representation and the dominated convergence theorem, letting
h! 0in (C.4), we obtain

(C.6) E X(t): (t)iw(te);( jsm)y;i kR w(t+ ) w(t) =0:

Sincew( ) has continuous paths with probability one, (C.6) implies thatw( ) is a continuous
F ( )-martingale. Moreover, (C.5) gives us that

(C.7) E Xt (tiwt)i( j;m)y;i Bk R wit+ )® wwo® =0

Thus, the quadratic variation ofw(t) is t, which implies that w( ) is a standardF (t) adapted
Brownian motion.
By the convergence with probability one via Skorokhod representation, we have
zZ.Z zZ.Z

E b(X"(s); "(s))+ u mi(du)ds (X (s); (s))+ ulmi(du)yds ! O
0 U 0 U

uniformly in t ash! O.

Also, by the weak convergence dfm"( )g, for any bounded and continuous function ()
with compact support, (;m"); ! (;m); ; see also Remark C.2. The weak convergence
and the Skorokhod representation imply that

zZ.7Z zZ.7Z

b(X (s); (s))+ u mf(du)ds b(X (s); (s))+ u mg(du)yds! O
U U

0 0
uniformly in t on any bounded interval with probability one.

For each positive constant and process ( ), de ne the piecewise constant process ()

by (t)= (k)fort2[k;k + );k2Z o. Then, by the tightness of K"(); "()), (C.1)

can be rewrit%enzas .
X"(t)= x+ | b(X"(s); "(s))+ u mZ(du)ds+ t (X™ (s); ™ (9)dw’(s) + "™ (1);
0 U 0

where Iinglim supEj"™ (t)j = 0: Noting that the processesx™ () and " () take constant
! h! 0
values on the intervalsf;n + ), we have
VA t Z t
(X™ (s); ™ (s))dw"(s) ! (X (s); (s)dw(s) as h! O

0 0
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The integrals above are well de ned with probability one since they can be written as nite

sums. Combining the last results, we have
tZ Z t

X(t)=x+ b(X (s); (s))+ u ms(du)ds+ (X (s);  (D)dw(s)+ " (1);
U

0 0
where IlingEj" (t)j = 0: Taking the limitas ! 0 nishes the proof.

Theorem C.5. Suppose Assumption 2.1 holds. La&t"(x; ) andV(x; ) be the value func-
tions de ned in (2.6) and (2.9). ThenV"(x; )! V(x; )ash! O.
Proof. The proof is motivated by that of Theorem 7 in Song et al. (2006). Let)"() be an
admissible strategy for the chairf (X'; ")g and m"() be the corresponding relaxed control
representation. Without loss of generality (passing to an additional subsequence if needed),
we assume that X"(); "();w"();m"() converges weakly to X (); ();w();m() . We
show that ash! 0 we have
(C.8) "G U M) I m ():
From (C.2) one has

Z 1

(C.9) " ;UM)=E e SpX"(s); "(s);u ml(du)ds:
0

By the weak convergence and the Sliorokhod representation,las 0,
1

" ;UM E e Sp X(s); (s);u) mg(du)ds:
0

This yields that J"(x; ;U "()) ! J(x; ;m ())ash! O.
Next, we prove that

(C.10) limsupV"(x; ) V(X; ):
ht 0

For any small positive constant’, let 8"( ) be an"-optimal harvesting strategy for the chain
f(XP; Mg, that is,
VR ) =sup I(x; ;U () Ik ; B"()+ "
uh()
Choose a subsequenddég of f hg such that
(C.11) limsupV"(x; )=1lim VR(x; ) limsupJd®(x; ; Bf())+ "
h! 0 Al 0 Al 0

Let m®( ) be the relaxed control representation 08%( ). Without loss of generality (passing
to an additional subsequence if needed), we may assume tha€®(); ®():wf();m?()
converges weakly toX (); ();w();m() . It follows from our claim in the beginning of the
proof that

(C.12) AimJ”‘(x;; @ﬁ())=ILm G mf()= 306 m () V(X )
0 o

whereJ(x; ;m ()) V(x; ) bythe de nition of V(x; ). Since" is arbitrarily small, (C.10)
follows from (C.11) and (C.12).
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To prove the reverse inequality Iirp infvh(x; ) V(x; ), for any small positive constant

", we choose a particulal -optimal strategy m( ) for (2.3)-(2.4) such that the approximation
can be applied to the chairf (X'; ")g and the associated cost compared witd"(x; ). By
the chattering lemma (see for instance (Kushner 1990, Theorem 3.1)), for any giver 0,
there is a constant > 0 and an ordinary controlU () for (2.3)-(2.4) with the following
properties:
€)) U:( ) takes only nitely many values (denoted byU- the set of all such values);
(b) U () is constant on the intervals k;k + )fork2Z o;
(c) with m’ () denoting the relaxed control representation otl (), we have that

(X ()7 ();w ();m () converges weakly to X (); ~();w();m())as"! 0
@ I m() VX ) "
For " > 0 and the corresponding in the chattering lemma, consider an optimal control
problem for (2.3) subject to (2.4), but where the controls are constants over the interval
[k:k + )for k2 Z o and take values inU- (the set of control values ofU ()). This
corresponds to controlling the discrete-time Markov process that is obtained by sampling
X()and ()attimesk fork2 Z o. Let B"() denote the"-optimal control, " ( ) denote
the relaxed control representation, and Iebb"() denote the associated state process. Since
m () is "-optimal in the chosen class of controls, we have

JG 5 () Jogsm() "oV ) 2%

We next approximate @"( ) by a suitable function ofw( ) and (). Using the same method
as in Song et al. (2006), we can approximatB’ () by the ordinary control U" () with the
corresponding relaxed controm” () and the state procesX * () such that

m* () ()
as ! Oand
I m () I m() oV ) 3T
Then a sequence of ordinary controtEsU:g for the chainf (X"(); "())g can be constructed
with the relaxed control representatiorf mig such thatash ! 0, the (X"(); "();m"();w"())
converges weakly toX " (); ();m" ();w()). By the optimality of V"(x; ) and the weak
convergence above, we have &d 0,
VGG ) 306 mi () Ik m ()
It follows that V"(x; ) V(x; ) 4" for suciently small h. Since any subsequence of
H"() has a subsequence that converges weakly ahi arbitrary, we have |iIT}l1 infvh(x; )
V(Xx; ). The conclusion follows.

Appendix D. Numerical Experiments

D.1. Varying the cost dependency.
We want to see what e ect di erent speci cations of the cost function have on the shape
of the optimal harvesting rate, and in particular whether it is bang-bang. We suspect that
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the convexity of the cost function leads to bang-bang (all or nothing) oBtimaI harvesting.

In Figure 9, we have as an example a cost functions of the for@(u) = = juj). The rest

of the parameters are kept the same as in Subsection 4.1. This example has concave costs,
but there is a point of convexity at 0. Experiments with other partly concave cost functions
show a similar pattern. Piecewise linear costs lik€(u) = juj, or C(u) = In(1 + juj), lead

to optimal controls that are step functions. However, when we use a purely concave cost
function, like C(u) = In(1 + u=3), seen in Figure 10, we again obtain bang-bang optimal
control. Further experiments con rm the observation.

Figure 9. Value function (left) and optimal harvesting-stocking rate (right)
r a model with switching a ecting ( )=4 , and a cost functionC(u) =
juj. Other parameters described in Subsection 4.1.

Figure 10. Value function (left) and optimal harvesting-stocking rate (right)
for a model with switching aecting ( )=4 , and a cost functionC(u) =
In(1 + u=3). Other parameters described in Subsection 4.1.
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D.2. The Gompertz model of population growth.
In this example, the dynamics of the population size without harvesting is given by a Gom-

pertz model (Winsor 1932, Zeide 1993) of the form
dX(t) = b(X(t); (1) U)X () dt+ (X(1); (1)dw(t);
where
2
bx; )=(4 )X In ;; (x; )= x;
U=fu:u=k=500k?2 Z; 1000 k 150@; (x; )2R. f 1;2g:
The generatorQ of the Markov chain () is given by
1= 01, =01, 3»:1=0:1 o= O0OL

Figure 11. Value function (left) and optimal harvesting-stocking rate (right)
for a Gompertz model with absolute harvesting, with switching a ectin
b(x; ) = (4 )xlnf, constant price P() = 1, and a cost function
C() = u?=2. Other parameters described in Subsection 4.1.

Figure 11 shows the value function and the optimal stocking-harvesting rate as a func-
tion of population size X (t) and the environmental state . In the Gompertz model, the
deterministic rate of growth near extinction goes tdl , unlike in the logistic model where
it is linear. Comparing these results with the ones in Figure 2, we can also see that low
population values in the Gompertz model are much less unfavorable, both in terms of future
value and in terms of the bene t of extraction.

D.3. The Nisbet-Gurney model of population growth.

In this model, the evolution of the population size without harvesting is given by a switched
Nisbet-Gurney model; thus,

dX(t) = (X (t); (1) U(t) dt+ (X (t); (t))dw(t);
where
b(x; )=(4 xe X ox; (X )= X
U=fu:u=k=500k?2 Z; 1000 k 150@; (x; )2 Rs f 1;20:
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The generatorQ of the Markov chain () is given by

1= 01, q2=0:1, =01 = OL

Figure 12. Value function (left) and optimal harvesting-stocking rate (right)
for a Nisbet-Gurney model with absolute harvesting, with switching a ecting
the growth rate b(x; )= (4 )xe * X, constant priceP() =1, and a cost
function C() = u?=2. Other parameters described in Subsection 4.1.

Figure 12 shows a numerical estimation of this model. The value function has the usual
features, being increasing and concave. The harvesting rate is monotonic, which is not a
surprise considering the cost choice and our discussion in Section 4.6. Again, the control in
state =1 shows higher harvesting and seeding, which is consistent with this state being
more favourable for growth.

Department of Mathematics, Texas A&M University, Mailstop 3368, College Station, TX

77843-3368, United States
Email address ahening@tamu.edu

Department of Mathematics and Statistics, The State University of New York in Korea,
119 SongdoMoonhwa-Ro, Yeonsu-Gu, Yeonsu-Gu, Incheon 21985, Korea
Email address ky.tran@stonybrook.edu

Department of Economics, City, University of London, Northampton Square, London
EC1V OHB, United Kingdom
Email address Sergiu.Ungureanu.1@city.ac.uk



	Front Cover 2105
	2105 Optimal Harvesting and Stocking.pdf
	1. Introduction


