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Abstract

In the aerospace industry, with low volumes and many products, there is a critical need to
efficiently use available manufacturing resources. Currently, at GKN Aerospace, resource al-
location decisions that in many cases will last for several years are to some extent made with
a short-term focus so as to minimize machining time, which results in a too high load on the
most capable machines, and too low load on the less capable ones. This creates an imbalance
in capacity utilization that leads to unnecessary queuing at some machines, resulting in long
lead times and in an increase in tied-up capital. Tactical resource allocation on the medium
to long-range planning horizon (six months to several years) aims to address this issue by
allocating resources to meet the predicted future demand as effectively as possible, in order
to ensure long range profitability. Our intent is to use mathematical optimization to find the
best possible allocations.

Keywords: Tactical resource allocation, Capacity utilization, Mixed Integer Linear Program-
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1 Introduction

GKN Aerospace Engine Systems (GKN for short) in Trollhit-
tan, Sweden, is a leading supplier of aircraft engine compon-
ents. GKN’s components have presence in almost all major
commercial aircraft. The products produced in Trollhittan in-
clude casings and rotating parts for both the compressor and
the turbine section of the engine. Rotation and a high tem-
perature differences between different parts of the engine puts
high, in many cases extreme, quality demands (tight tolerance
limits) on the components. The capital-intensive production
at a large aerospace tier-1 supplier like GKN is generally in-
fluenced by expensive materials, long supply lead times, a
large product mix and demand variations (see [[1]]). The po-
tential reduction of tied-up capital that can be achieved by
decreasing lead times is therefore substantial; in addition the
project is expected to increase the overall resource utilization.

1.1 Production context

Manufacturing is performed in multiple steps, such as cutting
(milling, turning, drilling, and grinding), welding, assembly,
heat/surface treatments, and control/measurements. For cut-
ting, GKN has a variety of production resources (machines)
with different functions. The factory is organized in several
functionally oriented production shops, and most of the pro-
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duction resources are shared by different products. Each pro-
duction shop is organized as a job-shop, where similar types
of machines are placed in proximity to each other. A complic-
ation is that it is, in practice, impossible to physically move
machines, as they are bulky and fixed into the ground in 2-5
meter deep pits. Thus, the factory as such can only to a very
limited extent be adapted to changes in the product mix; it
is therefore not possible (highly unlikely) to maintain perfect
flows of parts through the factory over time.

1.2 New product introduction

The process of introducing a new product is tied-up with tac-
tical resource allocation decisions. These tactical resource
allocations (which are referred to in this text) should not
be mistaken for the short-term resource allocations done
when choosing between several available machining re-
sources while scheduling. The latter is commonly addressed
in industry (see an example from GKN, [2]]). The tactical re-
source allocations identify which production processes that
need to be developed. The processes developed then con-
stitute the solution space for the short-term allocations, by
deciding which resources are available for allocation for the
short-term planning. The tactical problem therefore differs
significantly from the short-term planning problem.
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The development of the required production processes con-
sists of a number of activities that are needed to get the
required approvals from customers and authorities in order
to make a resource available for a specific operation on a
product. The technical preparations (also called qualifica-
tions) often require several days of computer numeric con-
trol (CNC) programming, design and production of new fix-
tures, testing and validation, etc. These activities are the
main parts of an iterative process to acquire the customer ap-
proval, and may take several months to complete. The time
and costs associated with this process is often significant;
the initial resource allocations are therefore seldom changed.
However, if forced changes are made due to large variations
in product demand and/or changes in available capacity of
machines, it leads to delays and delivery disturbances. The
tactical resource allocations will thus have a long-lasting ef-
fect on delivery times, product profitability and efficiency of
the production system. Thus, it is of utmost importance that
the resource allocations are made in an optimal way, so that
changes in the later stages can be avoided.

The first step in the process to introduce new products is the
mapping of the new product to a suitable value stream. Dif-
ferent products, or part types (sometimes a product is made of
multiple part types), belonging to the same value stream are
quite similar in terms of functionality. For example, all rotat-
ing parts should be in the same value stream. The reason is
that it is easier to control geometrical tolerances by analyzing
the data on machines producing similar products. This data
is stored in the statistical process control (SPC) systems at
GKN. Studying the previous SPC results has been one way of
analyzing the suitability of a certain machine to handle new
parts, by studying historical process outcome on similar fea-
tures, such as a hole. Then experts apply the tolerance limits
from the new part to get an understanding of how the machine
would perform when introducing this part. This is easier if the
newly introduced part is similar to the once already being ma-
chined. So, to get an overview on all the machining-related
characteristics for different machines is possible. These is-
sues are of the highest importance in the aerospace industry,
as any regular occurrence of non-conformance (i.e., a slight
deviation from a customer tolerance limit) results in halting
of production.

Once a value stream is identified for the product, an opera-
tions list is created by the manufacturing experts. The opera-
tions list contains the operations needed to produce a certain
product (or part), as well as the specific machine in which the
respective operation must be performed. The capacity plan-
ners who are responsible for managing and determining pro-
duction capacity are involved to check if the capacity is avail-
able in these machines. At this stage, however, no detailed
assessment of the impact on resource allocation of varying de-
mand for products is made. This is the reason that sometimes,
when there are changes in the demand of some products or ca-
pacity of some machines, it may result in an additional effort
to change some product routings which requires waiting for
customer approval. Thus, the resource allocation plan should
be robust such that the routing is still feasible, even when de-
mand or capacity has varied slightly from their respective ex-
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pected values.

1.3 The need for tactical resource allocation

Internal company analyses have identified queuing at ma-
chines as a main contributor to long production lead times
(see [1L p. 66]). As the queues are often caused by uneven
loads on the production resources (see [3]]), the production
system must be prepared for such unavoidable demand vari-
ations, i.e., the resources need to have some buffer capacity.
Due to accounting principles, the preliminary resource alloc-
ations often have a misleading impact on the internal cost
assessment (see [4]), which often results in sub-optimal de-
cisions from an overall capacity planning perspective (i.e.,
fast resources are favored, leading to an unbalanced resource
loading). Therefore, a long-range tactical resource allocation
is essential to achieve the required flexibility to absorb these
variations, and to avoid unnecessary queuing.

This leads us to the research questions to be discussed in the
following sections. We need to identify an objective function
which will result in product routings with desirable proper-
ties, and in a later phase, good resource allocations. These
properties constitute a balanced distribution of work load
between machines; the robustness of the final allocation (min-
imum reallocations between time-periods); high machining
standards; and a minimum distance travelled by products/part
types between different physical areas in the factory. The re-
lative importance of these objectives may vary, and it is an
area of policy discussions for GKN. However, a balanced ca-
pacity utilization and high machining standards are the two
most important properties.

1.4 Research front

There are rather few studies focused on the tactical resource
planning problem on the medium- to long-range planning ho-
rizon. Tactical planning in general is a tool that can be used
for reducing the effect of uncertainties in the production en-
vironment, and assist in creating stability in the production
system (see [5./6]). One of the reasons why this type of op-
timization model has been developed with limited success in
few cases is due to the computational complexity of the prob-
lem. From a combinatorial perspective, there are so many
feasible solutions to evaluate that the computation times tend
to be so long that the problem has historically been considered
practically insoluble. Our research aims to utilize optimiza-
tion theory to solve such models in a reasonable time frame.
There are not many industrial scale tactical resource alloca-
tion problem solved from a mathematical optimization per-
spective. This type of approach provides, not only a feasible
solution, but also a measure of goodness (the optimality gap,
i.e., the ratio of the difference between the best known solu-
tion and a value that bounds the best possible solution to the
best known solution) (see the full definition in [[7]]). Most of
the commercial software used to our knowledge either use
heuristics or some other inexact methods lacking this fea-
ture. However, there are commercial mathematical optimiz-
ation solvers such as Gurobi [8]] and CPLEX [9]], which can
be used to solve such problems, but it requires identifying the
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right objective function and constraints, and also modelling
them in an efficient way. This is also a part of what we do.

2 Scope and problem description

The scope of the proposed tactical resource allocation model
is restricted to allocating products to machines which perform
cutting operations. They includes milling, drilling, grinding,
and turning machines. The model should ideally be used
when a new product is introduced, or when there are signific-
ant changes in the machining capacity (e.g., decommissioning
of machines or the introduction of new machines). The pro-
posed model should be used by the capacity planner and by
product introduction leaders at the company.

Each product has a bill of material containing details about
the product structure, including all the part types, and their
quantities used in the final product. However, it is quite
common that products are composed of one part. Each
product/part type has an operations list, i.e., a list of man-
ufacturing operations, such as milling, drilling, turning, and
grinding, required to manufacture this product/part. A com-
bination of a product/part and such a specific operation con-
stitutes a job type. The task of the resource allocation model
is to assign each job type to resources (machines) such that
the imbalance in capacity utilization is minimized. A simple
example with five machines and a part type having three op-
erations is illustrated in Fig. I} We have a single part (Part
1) which requires three operations to be completed, and let us
assume all five machines are capable of doing these three op-
erations. We also define a user parameter T which is the max-
imum number of machines which are allowed to do a specific
job type, i.e., only machines 1 and 5 are allowed to first oper-
ation on the first part in Fig. [I] It is desired to identify only
few machine alternatives for each job type or a user defined
parameter (1 < 7 <5). This restriction is to prevent too com-
plicated flows and limit the number of qualifications or tests
to be conducted by manufacturing experts to check the per-
formance of a machine for a particular type of operation on
a specific part. One possible solution (for T = 2) are quali-
fying machines 1 and 5 for the first operations, 3 and 4 for
the second and 2 and 5 for the third operation. This results
in the following eight possible routings 1 —4 —2, 1 -4 -5,
1-3-2,1-3-5,5-3-2,5-3-5,5—4—-5,and 5—4-2.
So, if we look at this small combinatorial problem, we started
with ((;))3 = 103 alternative routings, and we selected only
23 which results in capacity balancing. Moreover, typically
there are approximately 3—4 part types in a new product and
each have at least 3-5 operations, and there are nearly 150
machines. Thus, a simple enumeration for such a large in-
stance of the problem is too computationally time-consuming
and we need to use mathematical optimization to find the best
possible allocations. Thus, in a way optimization helps man-
ufacturing experts to identify which machines to qualify, such
that both qualification costs and capacity imbalance are min-
imized for the next 3—-5 years.

Mathematical optimization of tactical resource allocation

Operations

r

1
@ Machines 1 1 Qualified machines

Figure 1: Part routes

2.1 Constraints

All product routings must satisfy some constraints. Accord-
ing to an internal company report, the constraints are clas-
sified into hard and soft constraints. Hard constraints are
also referred to as level 1 constraints, while soft constraints
are divided into level 2 and level 3 constraints. Going from
level 1 to level 3, the importance of the constraints decreases
(see Fig. 2). In Fig. [2] the base represents the size of the
set of possible allocations of machines to orders of differ-
ent job types; this set reduces as we add restrictions on, e.g.,
the number of qualifications (or qualification cost). The ver-
tical position in Fig. 2] represents relative importance. In op-
timization parlance, the violation of soft constraints could be
either combined and added as a penalty in the objective func-
tion (see [10]]), which is to be minimized, or treated/modeled
as different criteria in a multi-criteria optimization problem
(see [11]).

Level 3
ame component

Level 2
Less reallocations, one-time

Soft constraints

qualification cost, number of
alternative machines

Decreasing importance

Level 1
Type of process, size, access (3-axis,4-axis,
and 5-axis machines), available capacity, and
demand

Hard constraints

Figure 2: Constraints

Hard constraints Hard constraints are those which must be
satisfied during each time-period within the long-range plan-
ning horizon. These constraints include a required compat-
ibility between job type and machine, based on the type of
process (milling, turning, etc.) and whether a job type of a
given dimension (e.g., diameter) can be processed on a given
machine (i.e., size compatibility). Lastly, the projected work-
load on a machine should be less than or equal to its total
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capacity, and the demand for each job type should be met in
each time-period.

Soft constraints It is not mandatory to satisfy constraints
which are associated with the preferences of the capacity
planners. The constraints belonging to level 2 are mentioned
below.

1. Reallocations: Preparing a machine for a job type is a
resource-demanding activity; therefore, it is prudent to
avoid changing the routing of orders of a given job type
too often. For example, if we represent a job type as
(i,7), where i € PartTypes, and j € Operations, then a
binary decision variable sgjk can be used to represent
whether an order of job type (i, ) is processed in ma-
chine k € Machines at time-period ¢ € TimePeriods. The
value of the variable s i is 1, if job type (i, j) is per-
formed in machine k, otherwise, it is equal to zero. Now,
we use the introduced variables to clarify when a real-
location is considered. In Table |1, we highlight three
alternative allocations (three rows) for machine 2 for the
resource allocation sub-problem with one job type (1, 1),
and for five time-periods. Let us assume that all three al-
locations are feasible (that is, they satisfy the level 1 con-
straints). A reallocation of job type (i, j) to machine k at
time ¢ is determined by the variable values sij’kl =0and
st = 1 (i.e., at the consecutive time periods r — 1 and #).
The first solution in Table [T| comprises one reallocation
at t+ = 5, while the second comprises two reallocations
att =3 and t = 5, respectively. The third solution com-
prises no reallocations and it is therefore preferred. This
reasoning is valid provided there are no reallocations at
other machines.

Table 1: Reallocations between time-periods

5%12 5%12 5?12 s‘l‘12 5?12 Reallocations
0 0 0 0 1 1
0 0 1 0 1 2
1 1 1 0 0

2. One-time qualification: Generally, for any new product,
there is a first-time qualification of each machine to
which it is assigned. However, for orders of job types
related to existing products, there exist machines which
are already qualified or used historically. Nevertheless,
whenever reallocating orders of an existing product to
another machine, which is technically capable but not
qualified before, a one-time cost for qualifying the other
machine for that product arises. This means additional
man-hours for programming CNC or developing new
fixtures, and sometimes waiting for the customer ap-
proval. It is preferred to keep this fixed cost as low as
possible. However, it is to be checked whether allowing
qualifications results in an improved capacity balancing.

The level 3 constraints are the least important. One of the con-
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straints included is the limitation of the total distance travelled
by orders. Each machine is assigned to a physical space in
the factory, so-called component area in the factory. It is de-
sired to keep the number of times orders must flow in-between
these component areas below a pre-defined number, or to keep
it as low as possible. This helps to maintain an efficient flow
and to reduce internal transportation.

2.2 Optimization model

The approach taken to solve this resource allocation problem
is to utilize a mathematical optimization model. The output
of the proposed optimization model is the assignment of the
different job types to the machines. The model identifies a
small number of different product routings for the capacity
planners/short-term scheduling. We plan to obtain a resource
allocation for a period of three to five years, with quarterly
or monthly time-periods. The demand for products is steady,
and there is a steady flow of raw materials through the factory.
An optimization model requires an objective function which
assesses the quality of the solutions, while a set of constraints
to restrict the possible allocations, which in turn restricts the
achievable objective value. We have mentioned all the con-
straints in the previous section. Thus, next we discuss how to
incorporate the desired properties of the final resource alloca-
tion plan into the objective function.

1. Objective function: There are some articles which have
discussed approaches to calculate internal production
costs for products in similar production environments
(see [4,/12}/13]])). Most of these articles have considered
product cost as a function of the total machining hours
spent on a product. This is the legacy of the traditional
accounting approach as mentioned in [4]. They use the
product routing as a constant in their cost function, but
with our approach we let the product routing be a vari-
able, and instead of minimizing machining hours we
minimize resource utilization imbalance. This is to our
knowledge a novel approach and much more effective in
improving flow efficiency in functional oriented produc-
tion. We define utilization as the ratio of planned hours
of machining to total available hours in a machine. Thus,
to obtain a balanced utilization, we propose minimiz-
ing the (planned) utilization which is above a threshold
value, that is, imposing a penalty for each time period
when a machine’s planned utilization is above a pre-
defined threshold § , where 0 < § < 1.

2. Decision variables: To define the objective function, we
introduce some notation. We represent the number of or-
ders of type (i, j) produced in time-period ¢ in machine k
by x! k- The capacity (in hours) of machine k is denoted
by using capacity C; > 0 (Note: In case of planned de-
commissioning of machines capacities can be indexed
over time). The number of hours required to process
an order of job type (i,) in machine k is represented
by p;j (also including average set-up time as we do not
assume batch production). In (I), the inner bracket rep-
resents the total resource loading of machine k during
time-period ¢. Thus, dividing it by the total capacity of
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machine k yields the relative utilization at time-period ¢.
The plus-operator, denoted [-]+ sets any negative value
to zero. Our first proposed objective function to be min-
imized over the set X of feasible solutions satisfying the
level 1 constraints is defined as to

minimize z; (x € X) ZZ{ (Zzp”k ) }+

ey

Our second alternative for an objective function is
defined as to

minimize z;(x € X) Zmaxk { (ZZPuk ) ]

@

The function z; represents the average of non-negative
excess capacity utilization (summed over the machines
and the time-periods). The function z, represents
the maximum (over the machines) excess utilization
(summed over the time-periods). Since the average can
be composed by both small and (very) large values, the
function z, represents over-utilization more adequately
than z;. A review of such inequity-averse optimization
approaches is described in detail in [[14]. The benefits of
using the (2) are also highlighted in the work done on
resource allocation problems in [15].

3 Expected results and future research work

The proposed optimization model is a mixed-integer linear
programming model. The objective function and constraints
are linear or made linear using integer/binary variables. The
goal of the optimization model is to produce optimal or near-
optimal solutions in a reasonable time frame. Since we are
not aware of the lower limit (best possible feasible values)
of some of the soft constraints, we intend to use one of the
iterative frameworks as mentioned in [[11]].

3.1 Expected results

The proposed decision model should enable a faster and better
adaptation of the production system to changes in the market
and production conditions. Using our model, the organiza-
tion's aim is to increase the available machining capacity by
at least 2%, which could mean a 4-digit number of additional
hours of more machining time available each year. These ad-
ditional machining time could be made available when new
products are introduced, or when the demand for some of the
existing products increases. It is expected to reduce the num-
ber of over-utilized machines, which will result in reduced
queues and, subsequently, reduced lead times.

3.2 Future research work

We intend to use real production data extracted from the En-
terprise resource planning (ERP) system at GKN. We will
identify an existing product and consider it as a new product
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to be introduced in the factory to test the model. We will
utilize the historical resource allocation to find out which
machines are qualified to perform operations on the exist-
ing products. We also plan to take input from manufacturing
experts from GKN on identifying other similar machine al-
ternatives which can perform some of these operations. This
will increase the size of the feasible set of possible alloca-
tions, which is important for improving the optimal value. We
will perform computational experiments to benchmark differ-
ent model formulations with respect to computation time and
solution quality.
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