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Abstract: 
A low eff iciency of bull fattening resulted in a decrease of beef production in Poland.
One of the possibiliti es of the improvement of fattening eff iciency is a proper choice of
decisions concerning the course of a fattening process. Making the optimal decisions
can be supported by means of dynamic programming (DP) models, using the
hierarchic Markov process (HMP) technique. The models developed in the presented
study optimize decisions with respect to time of the termination of fattening process in
various production approaches including: breed, scale of production and intensity of
fattening. 
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I. Introduction

A slight decrease of beef production, observed in Poland in recent years, is caused
mainly by a low economic eff iciency of fattening. Economic eff iciency of beef
production from young bulls depends on the costs of feeding and management, feed
conversion and growth rate, beef quality and price. An adequate choice of breed for
fattening, scale and intensity of production and a proper course of a fattening cycle can
achieve an improvement of the eff iciency. However, in every production scheme a
maximum profit can be obtained only when the length of a fattening period is optimal.

Therefore, the objective of the presented study is to describe the general outline of a
stochastic dynamic programming (DP) model developed to optimize the fattening
strategy of an individual bull and a group of bulls with a special emphasis on
supporting the decision when to terminate bull fattening, using the hierarchic Markov
process (HMP) technique. The optimization of the fattening strategy will consider
various production approaches including: breed  (beef, dairy and crossbred bulls), scale
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of production (single-animal level - small farms and group level - big farms) and
intensity of fattening (intensive, semi-intensive, extensive).

II. Outline of bull fattening  DP-model

Dynamic Programming and Markov Decision Processes

Decisions concerning the termination of one fattening cycle and the beginning of
another one are connected with the solution of the so-called "replacement problem"
(van Arendonk, 1984) which can be described in the following way: If an asset is used
in a production process it is relevant to consider at regular time intervals whether the
present asset should be replaced or it should be kept for an additional period. The basis
for such decisions is the economic calculation. If the traits included into the economic
calculation are affected by random variation over time and among assets (as it is the
case when the asset is e.g. a bull ), the replacement decision will depend on the present
observation of the traits. 

The replacement problem is an obvious example of a sequential decision problem. A
good technique to be used in the determination of an optimal replacement policy in
situations where a sequence of decisions has to be made, as in the case with bull
fattening, is dynamic programming.

In the presented study the bull fattening problem is described using the theory of
Markov decisions which is the combination of dynamic programming technique with,
so-called Markov chains (Howard, 1960, White and White, 1989). The main reason for
using Markov decision programming in the determination of optimal bull replacement
policies is the variation in traits, which with this technique is taken into account
directly.

In Markov decision problems, the modelled system is observed over a finite or infinite
time horizon split up into periods or stages. At each stage, the state of the system is
observed and a decision concerning the system has to be made. Depending on the state
and the decision made an immediate reward is obtained (Kristensen, 1993). 

To solve general Markov decision problems by DP, several optimization techniques
are available. The most commonly applied method is called value iteration
(Bellman,1957). Value iteration makes it possible to handle large models and is exact
when optimization occurs under a finite planning horizon. The optimal poli cies are
determined sequentially using a set of functional equations. Under an infinite planning
horizon the value iteration can be used to approximate the optimal policy. Another
relevant optimization technique is policy iteration (Howard, 1960). Policy iteration can
be used for optimization under an infinite planning horizon and is in that case exact.
Because of the more complicated mathematical formulation, the method can only
handle rather small models (Kristensen, 1988).
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Hierarchic Markov Processes

In order to combine the computational advantages of the value iteration method with
the exactness and eff iciency of the policy iteration method, an eff icient DP algorithm,
i.e. the hierarchic Markov process (HMP) has been developed (Kristensen, 1988,
1996). The HMP technique makes it possible to give exact solutions to models with
even large state spaces and, therefore, contributes to the circumventing of the so-called
"curse of dimensionality". This curse is a major problem in relation to application of
Markov decision processes to real word problems. Since discrete levels of state
variables represent the state space, models tend to become very large, resulting in high
memory requirements and high computation costs (Houben et al., 1994). However,
even in very large models optimization is possible due to the use of the HMP
technique. 

Within HMP, series of Markov decision processes, called subprocesses, are built
together in one Markov decision process, called the main process. The number of
states in the main process determines the number of subprocesses. State variables of
the main process concern permanent traits that vary among units but are constant over
time for the same unit (in this case a unit is either an animal or a group of animals
sharing a cage). Traits that vary over time for the same animal are defined as state
variables in the subprocesses. Each state in the main process represents a separate
subprocess with a finite number of stages (i.e. maximum lifespan of an animal or a
group). The stage duration in the main process equals the total length of the
corresponding subprocess. The number of subprocesses equals the number of states in
the main process. The reward in a state of the main process is determined from the
total rewards of the corresponding subprocess (Kristensen, 1988, 1994, Houben et al.,
1994). In the original formulation of HMPs, decisions were only defined in the
subprocesses, but later (Kristensen & Jørgensen, 1999) the theory was extended in
order to allow decisions also in the main process. HMP determines the optimal policy
by maximizing (or minimizing) some predefined objective function. The objective
function depends on the situation modelled. It may represent the total expected
rewards, the total expected discounted rewards, the average reward per stage or the
average reward over some kind of physical output (Kristensen, 1991)

Production systems and criteria of optimality

In Poland, several production systems for fattening of bull calves are used. In some
cases, the production is only a minor supplement to dairy production and only bull
calves born in the farmer's own dairy herd are used. In those cases, the main constraint
on income from the bull calves is the number of animals born in the herd. Therefore,
the natural unit to model is a bull , and net revenue per animal should be maximized. In
such a situation the basic problem is not really a replacement problem, but rather an
optimal li fetime problem. The decision to slaughter is made at single-animal level. In
other cases, the bull calves are produced in specialized herds where calves come from
units which belong to fattening farms or are bought from outside. There are three main
categories of fattening farms:  small private farms  (about 10-50 bulls), co-operative
farms (about 100-200 bulls) and big fattening farms (several hundred bulls). In such
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systems, the main constraint is space and time. The criterion of optimality should be
defined accordingly.
 
The speciali zed producers use two different housing systems. In some cases the bulls
are kept restricted in individual stalls. Each time an animal is slaughtered, a new calf is
inserted. This means that the natural unit to model is a stall represented by the animal
presently occupying the stall and followed by a chain of successors. Also in this case
the decision to slaughter is made at single-animal level. The relevant criterion of
optimality is either the maximization of net revenue per stall per month or
maximization of the total expected discounted net revenue of a stall . 

In other cases the bulls are housed in groups each sharing a cage. Thus, the entire cage
has to be emptied before a new group of bull calves may be inserted. Thus, the natural
unit to model is a cage represented by the group presently occupying the cage and
followed by a chain of successive groups. We shall refer to this approach as the group
model. The slaughter decision has to be made at two levels in this case. It may be
decided to slaughter individual animals and, furthermore, to slaughter all remaining
bull s, so that the cage is emptied and a new group may be inserted. The relevant
criterion of optimality is either the maximization of net revenue per cage per month or
maximization of the total expected discounted net revenue of a cage.

Poli sh bull fattening systems also differ concerning the breeds used in production.
Some farmers use bulls from pure beef breeds while others use crossbred or even dairy
animals. This difference is taken into account by formulation of separate models
covering each situation.

III. Models (for beef, dairy and crossbred bulls)

General considerations and main process

According to the above mentioned approaches two main models (assuming single-
animal  and group level) of bi-level hierarchic Markov process have been developed
separately for beef, dairy and crossbred bulls. The model assuming the single-animal
level included two approaches: a slaughtered bull i s replaced by a new one and a
slaughtered bull i s not replaced (bull -calf for replacement is a restraint). 

In all three cases, the main process is defined in basically the same way. The stages
start with the beginning of fattening and end with the slaughter of bulls. Thus stage
length equals the fattening period. In order to be able to take seasonal varation in traits
and prices into account, a state variable representing the month of birth is included in
the main process. Thus the size of the state space is 12 in the main process. The option
of defining decisions also in the main process is used in the models. A decision about
the general fattening intensity is defined at three levels: intensive, semi-intensive,
extensive. This decision is represented as three different over-all growth rates. Since
the optimal decision depends on the observed state, this approach means that the
optimal fattening intensity may depend on the season of birth.
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While the main process is defined identically for all three models, the definition of
subprocesses depends heavily on whether we deal with a single-animal model or a
group model.

Subprocesses of single-animal model

The number of subprocesses equals the number of states times the number of decisions
in the main process, so in this case we need to define 3 ( 12 = 36 subprocesses. Stage
length is defined to be one month (except for the first 6 month which are considered as
one single stage). Since the month of birth is known from the main process, we always
know the age of the animal at a given stage. The state is defined as the body weight of
the animal. An underlying stochastic growth model will be used for estimation of
transition probabiliti es concerning body weight given body weight at previous stage,
fattening intensity, age and season. The growth model assumes normally distributed
gains.  

The decisions defined at each stage are to keep or to slaugther the animal. Given the
information available in the model, the decision may depend on season, age, intensity
and body weight.

The reward at the first stage is the (negative) price of the calf. At the last stage it is the
(positive) slaughter value (body weight times price per kg live weight) reduced by
feeding costs (at this stage). At all other stages the rewards equal the (negative) feeding
costs and other variable fattening costs for an animal at that season, age, intensity and
body weight.

The criterion of optimality depends on the situation as described in Section II. It either
maximizes net revenue per animal or per stall depending on whether or not the number
of calves for replacement is a constraint.

Subprocesses of the group model

Also in the group model, the number of alternative subprocesses equals 36 and the
stages are defined in the same way with monthly time steps (except for the first 6
months). However, the group model differs from the single-animal model in several
other ways. Thus, a state variable is defined as the average body weight of the group.
An other state variable is defined as the number of animals (left) in the cage. The
individual animals are assumed not to be identified. The capacity of the cage is
represented as a permanent property of the model. It is assumed that the distribution of
individual body weights in the group may be described as a normal distribution with
mean equal to the observed average body weight and a known standard deviation.
Again, an underlying stochastic growth model is used for calculation of transition
probabiliti es.

Because the unit considered is now an entire cage, the decisions need to be represented
in an other way in order to reflect the situation described in Section II. Let w1…wn be a
number of threshold weights, where w1< w2<…<wn. We then define n alternative
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decisions of the following type: replace all bulls having body weight higher than wi.
The lowest threshold has to be defined so low that choosing it will empty the cage so
that a new group may be started. From the known distribution of individual body
weights, the (expected) number of animals having a higher body weight than the
threshold weight chosen may be calculated. The optimal threshold weight at a stage
may depend on the season, the age, intensity, average body weight and number of
animals left in the cage. It is expected that the lower number of animals left in the cage
the lower will t he optimal threshold weight be.

The rewards are calculated according to the same principles as in the single-animal
model, but all calculations are of course performed at group level instead of animal
level.

The criteria of optimality will be maximization of net revenue per cage (either average
per month or total expected discounted value).

Discussion

The presented theoretical models will be used as a framework for parameter estimation
and implementation on a computer supporting the decision processes aimed at the
improvement of economic eff iciency of bull fattening.

Because of the distinction between models at animal and group level the system is
expected to cover most of the production systems in Polish bull fattening enterprises.
The single-animal model has many properties similar to the heifer rearing model
presented by Mourits et al. (1999): Both models optimize feeding intensity of growing
animals at individual level and some of the considerations concerning criteria of
optimalit y are similar. The group model on the other hand is in many ways similar to
models dealing with optimal delivery policies for slaughter pigs as for instance
described by Jørgensen (1993). Thus the idea of representing slaughter decisions as
threshold weights being optimized is inspired by that study. 

From a theoretical point of view the described models serve as the first practical
example of combining decisions with different time horizons using the methods
described by Kristensen & Jørgensen (1999).
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