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Abstract

The Server Allocation Problem is a significant challenge in manufacturing
system design and consists of selecting both number and version of machines
for each system stage. This optimisation problem is of outmost importance
when there is a trade-off between minimizing investment costs and achieving
target performance. This paper analyses the trade-off between minimising
costs and flow time when allocating servers in hybrid flow lines with non-
identical machines at each stage. The optimal design aims to minimise total
costs and flow time while ensuring a target production rate. The paper
proposes a bi-criteria approach that uses an efficient pattern-based problem
representation and a Variable Neighborhood Search solution algorithm. An
in-dept analysis of obtained solutions is performed. Additionally, a metric
for comparing obtained solutions is proposed, providing insights for practical
implementation. Comprehensive numerical analyses, considering scenarios
with varying number of stages, machine versions, target performance, are
performed to support the work.
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Figure 1: Graphical abstract

1. Introduction1

One of the most critical decisions in the design of manufacturing sys-2

tems is the allocation of resources among production stages and inter-stage3

buffers. In series-parallel production lines, also known as hybrid flow lines,4

parallel machines may be employed at each manufacturing stage, with work-5

in-process (WIP) held in buffers between two sequential stages. The design6

of such systems also requires the selection of resource versions from those7

available on the market. Machines in a stage can be either identical or non-8

identical, with the latter characterised by different speeds due to belonging9

to different versions [1, 2].10

In this context, typical performance measures of interest include system11

total cost, production rate, as well as mean flow time, i.e. the average among12

all produced part of the time span between the beginning of the part’s pro-13

cessing at the first manufacturing stage and its completion at the last man-14

ufacturing stage. Usually, the aim is to maximise the production rate, while15

total cost and the mean flow time might be minimised. Reducing the mean16

flow time can result in several benefits, such as lower work-in-process levels,17

improved quality, and reduced forecasting errors.18

Flow time, as intended in this paper, includes the waiting time a part19

spends in buffers between stages and its total processing time. The literature20

shows that flow time is an important indicator of firm competitiveness since a21

flow time reduction positively affects the performance of production systems22
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[3, 4, 5, 6, 7]. 1

Reducing flow time implies a reduction in the costs for handling and stor- 2

ing WIP inventories [8]. This is crucial for managing WIP that is subject to 3

spoilage and obsolescence. This benefit is more significant for processes where 4

the waiting time between operations must be limited, e.g. semiconductor [9], 5

automotive [10], powder metallurgy [11]. Also, reducing flow time implies 6

the possibility of quickly detecting quality problems, with a consequent early 7

response to process detected deviations [12]. As flow time is strictly related 8

to delivery lead time, reducing it leads to a reduction of response time to cus- 9

tomer orders and to a most efficient management of the downstream supply 10

chain [13]. 11

This paper analyses the trade-off between minimizing the total cost and 12

the flow time when optimally designing a hybrid flow line. The problem 13

consists in selecting the number and version of machines at each stage, i.e. 14

the stage configuration, with the the aim of minimizing the total cost and the 15

flow time while achieving a minimum target production rate. Each machine 16

version is identified by its processing speed, which also determines its cost. 17

The paper is structured as follows: Section 2 presents a review of the 18

related literature, Section 3 defines the problem, Section 4 addresses the 19

proposed approach, and Section 5 discusses the design of experiments. The 20

results obtained are analysed in Section 6, and managerial implications are 21

discussed in Section 7. Section 8 concludes the paper with a discussion of its 22

limitations and a proposed agenda for future research. 23

2. Literature Review and contribution 24

Scientific literature addressing the problem of optimally configuring pro- 25

duction systems is wide [14, 15]. System configuration usually consists of 26

allocating machines to the stages of a production system (Server Allocation 27

Problem - SAP), buffer capacity between stages (Buffer Allocation Problem - 28

BAP), machines and buffers together (known as BCAP), and workload (i.e., 29

fraction of the total processing time) to each station (Workload Allocation 30

Problem - WAP). This paper focuses specifically on the SAP with the aim 31

of finding the best compromise in terms of total investment and flow time 32

while addressing a target production rate. Thus, Section 2.1 outlines liter- 33

ature contribution on the topic and Section 2.2 states paper contributions 34

with respect to the state of the art. 35
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2.1. SAP review1

SAP literature is herewith classified by distinguishing the contributions2

through the following main criteria: stage configuration (i.e. identical ma-3

chines, non-identical machines) and decision variables. Further information4

are given about the key performance of interest, the evaluative method for5

assessing such performance and the generative approach (i.e. the optimi-6

sation method). A summary is provided in Table 1, in which the last row7

represents the features of the proposed research.8

Table 1: SAP classification summary. Papers are divided in three groups according to the
problem decision variables.
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[16] ✓ ✓ ✓ ✓ ✓ ✓
[17] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[18] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[19] ✓ ✓ ✓ ✓ ✓ ✓
[20] ✓ ✓ ✓ ✓ ✓ ✓
[21] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[22] ✓ ✓ ✓ ✓ ✓ ✓
[23] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[24] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[25] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[26] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[27] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[28] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[29] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[30] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[31] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[32] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[33] ✓ ✓ ✓ ✓ ✓ ✓ ✓
[34] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[35] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[36] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[37] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[38] ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
[39] ✓ ✓ ✓ ✓ ✓ ✓ ✓
This paper ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
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Identical machines with no machine version selection. The studies included 1

in this paragraph select the number of parallel machines per stage without 2

considering alternative versions. [18] assume an unlimited buffer capacity 3

along the line, whilst [16, 19, 20, 22] assume a fixed and finite buffer ca- 4

pacity along the line, where [16] specifically considers zero-buffer systems. 5

[17, 21, 23] address the BCAP. Cost and throughput are the main perfor- 6

mance of interest as included in almost all the reviewed works. A bi-objective 7

optimisation model is tackled by [16] (number of machines and throughput), 8

while [17] considers a multi-objective problem (total number of machines, 9

flow time and tardiness). As evaluative method, general open queuing net- 10

works are used in [16, 20, 21, 22, 23]. Whereas, Discrete Event Simulation 11

(DES) is used in [17, 18, 19] to firstly build a meta-model that fits the per- 12

formance metrics of the system. Simulation-optimisation is used to optimise 13

the problems addressed by a meta-heuristic approach in [16, 17] and by a 14

commercial software in [18]. The Powell’s search method is exploited by 15

[21, 22, 23]. 16

Identical machines with machine version selection. In addition to the num- 17

ber of parallel machines per stage, the studies included in this paragraph also 18

consider the machine version, i.e. in terms of speed, as a decision variable, 19

used in a certain stage. Some studies consider unlimited buffer capacities [25], 20

while others optimise also the buffer capacity (BCAP) [24, 27, 29, 30, 31, 32, 21

34, 35, 36, 37, 38]. Analytical approximations and queuing networks are used 22

in [30, 31, 32, 34, 24, 36, 37] to evaluate the performance of the production 23

systems. DES is used in [25, 27, 29, 35, 38]. Specifically, a meta-model is 24

built from the simulation estimates in [27, 29]. The papers mentioned in this 25

group use various meta-heuristics as generative methods. Exceptions are [25] 26

using a branch and bound approach, [27] proposing various multi-objective 27

optimisation solution algorithms (weighted sum of objective functions, lexi- 28

cographic ordering and goal programming), and [37] developing a decompo- 29

sition coordination scheme. [26, 28, 32] analyse single server production line 30

where only machine version (speed) is optimised jointly with buffer capac- 31

ity. The approaches use approximate analytical evaluation procedures and 32

heuristic-based generative methods. 33

Non-identical machines. The SAP with non-identical machines both within 34

and through the stages has been recently addressed in [39]. Machine versions 35

and numbers are selected throughout the production line and a simulation- 36

optimisation solving approach is proposed to minimise the total cost. 37
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2.2. Contribution of the paper1

This paper presents a novel approach to address the Server Allocation2

Problem (SAP) in hybrid flow lines with non-identical machines. The aim3

is to analyse the trade-off between minimising the total cost and the flow4

time, while satisfying a target production rate. A bi-criteria simulation-5

optimisation approach is used to solve the problem. Furthermore, the Man-6

hattan distance is proposed as metric to analyse the obtained solutions.7

To the best of our knowledge, this is the first attempt to address the SAP8

in hybrid flow lines with non-identical machines using a bi-criteria approach.9

Our proposed method builds on a recently proposed approach for SAP with10

non-identical machines that minimises the total cost under a target produc-11

tion rate [39]. Differently from (author?) [39], in the present work (i) the12

simulation procedure is able to estimate WIP and flow time in addition to13

the processing rate; (ii) the solution algorithm addresses the bi-criteria rep-14

resentation of the problem; (iii) a distance metric is proposed to compare15

solutions by assessing how they differ in terms of stage configuration instead16

of performance measures. A comprehensive analysis is arranged for demon-17

strating the obtained results as enabled by the proposed bi-criteria approach.18

The results will show that the bi-criteria approach leads to finding Pareto19

efficient frontiers of solutions that minimise both the total costs and mean20

flow time. An in-depth analysis of the found solutions is described, in which21

solutions are compared by using the proposed distance metric.22

3. Problem statement23

The system under analysis is a hybrid flow line with K stages and K − 124

inter-stage buffers. Each stage k (k = 1, 2, . . . , K) may hold up toMk parallel25

machines that can be chosen from a set of versions available in the market.26

Namely, Hk machine versions are available at each stage k. The following27

assumptions are stated:28

• Machines at the last stage are never blocked.29

• Machine version Hk is characterised by a specific processing speed sh,k30

and cost ch,k so as the higher the cost, the larger the processing speed.31

• Parts are assumed to belong to the same family, no due dates are32

included, and parts flow through the stages of the line with a linear33

flow.34
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• Parts are produced following a First Come - First Serve (FCFS) rule. 1

• The first stage never starves of raw parts. 2

The decision problem consists in finding the optimal resource configu- 3

ration of the production system that respects a minimum production rate 4

θ̃. Thereby, a number of machines mh,k of version h = 1, 2, . . . , Hk, can 5

be assigned to each stage k = 1, 2, . . . , K. In details, each stage k can be 6

configured with
∑

h mh,k machine, even non-identical. 7

Let x denote the general system layout, whose production rate θ(x) is 8

greater than the target θ̃. The optimisation problem is: 9

min F (x) (1) 10

s.t. θ(x) ≥ θ̃ (2) 11

Hk∑
h=1

mh,k ≤ Mk ∀k (3) 12

mh,k ∈ N+
0 ∀k, h = 1, 2, . . . , Hk (4) 13

The objective is the minimization of the function F (x) including two criteria: 14

• the resource cost Ct, defined as:

Ct(x) =
K∑
k=1

Hk∑
h=1

(mh,k · ch,k);

• the mean flow time Φ(x), computed as the mean of the time span 15

between the exit time and the beginning of production of each part. 16

Bi-criteria optimisation is used, thus, given weight α ∈ [0, 1], the problem at
hand (equations (1)–(4)) is defined as:

F (x) = α · Ct(x)

Ct,norm

+ (1− α) · Φ(x)

Φnorm

(5)

where Ct and Φ(x) are scaled by factors Ct,norm and Φnorm for normalization 17

purposes. The scaling approach is discussed in Section 4, together with the 18

definition of the computation of the performance measures of the system. 19

Constraint (2) provides that the system must reach a target throughput θ̃. 20

Constraints (3) assure that, for each stage k, the total number of machines 21

does not exceed the limit Mk. 22
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4. Description of the solution approach1

In this Section, we briefly describe the solution approach used in the2

paper. The approach consists in: a pattern-based evaluative method to3

evaluate the performance measures of candidate solutions, and a Variable4

Neighborhood Search (VNS) meta-heuristic to generate new solutions.5

4.1. The pattern-based encoding6

A pattern-based encoding is used, which allows to condense information7

into a one-dimensional array with K integer components each representing8

the layout configuration selected in stage k = 1 . . . K.9

The layout configuration of stage k is characterised by the number mh,k of10

installed machines of each version h = 1 . . . H. The total number of machines11

allocated to stage k is
∑

h mh,k. A pattern is defined as a stage configuration,12

i.e. a one-dimensional array containing the number of installed machine13

versions: pk = [m1,k . . .mH,k]
′. The number of possible patterns, i.e. the14

number of possible combinations of machine versions, is defined as NP . The15

matrix of patterns P is composed of the complete enumeration of the NP16

possible patterns, listed in columns. A candidate solution x is a vector of K17

components, each including an integer value indicating the pattern index.18

A numerical example is provided to illustrate the structure of the pattern-
based encoding. Let us consider H = 2 machine variants and maximum
Mk = 2 machines in a stage, the matrix P has H = 2 rows and NP = 4
columns as follows:

P =

[
0 1 1 2 0
1 0 1 0 2

]
(6)

The first column [0 1]′ refers to a stage configuration that includes zero19

machines of the first variant and one of the second variant. A possible so-20

lution of a problem with K = 3 stages is x = {1, 3, 2}, meaning that the21

first stage is configured with pattern [0 1]′, the second with [1 1]′, the third22

with [1 0]′. There is no guarantee that a solution x composed of arbitrary23

patterns for each stage is feasible for the problem on-hand because of the24

target production rate. The evaluative method discussed in the following25

computes its performance measures, with which determining the feasibility26

of such solution.27
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4.2. The evaluative method 1

An evaluative procedure is used to simulate the behaviour of the line 2

while processing parts and evaluate the performance measures of a candidate 3

solution x. In details, define aj(x) the arrival time of part j at the first 4

stage (i.e., material availability time), yj,k(x) the loading time of part j on a 5

machine of stage k, and zj,k(x) the completion time of part j from stage k. 6

The mean production rate is computed by the exact estimate θ(x) obtained 7

by simulating the production of N parts, i.e.: 8

θ(x) =
N

zN,K(x)
. (7) 9

The mean flow time Φ(x) is computed as: 10

Φ(x) =
1

N

N∑
j=1

(zj,K(x)− aj(x)) . (8) 11

For ease of completeness, the mean WIP level Wk(x) for each buffer k =
1, ..., K − 1 can be obtained by applying Little’s Law [8]:

Wk(x) =

∑N
j=1(yj,k+1(x)− zj,k(x))

N
· θ(x) ∀k = 1, ...K − 1. (9)

The number of parts flowing in the system N has to be properly selected 12

to find the better balance between accuracy of solutions and computational 13

burden, as will be discussed in Section 5. 14

4.3. The objective function 15

The objective function is composed of the weighted sum of the normalised 16

total cost and flow time, as given in equation (5). Specifically, the total cost 17

Ct(x) and the flow time Φ(x) are weighted by α ∈ [0, 1] and scaled by factors 18

Ct,norm and Φnorm. The performance obtained by the initial solution x0 are 19

used as: Ct,norm = Ct(x0) and Φnorm = Φ(x0). 20

A static penalty is added to handle the production rate constraint [40, 41]. 21

Threfore, the objective function of the problem combines two distinct terms 22

is deployed, and the former consists of the bi-criteria function F (x) as in 23

equation (5). The latter is the penalty contribution that penalizes solutions 24

9



whose production rate is lower than the target value θ̃. Hence, the resulting1

objective function is as follows.2

f(C(x),Φ(x), θ(x)) =

[
α · Ct(x)

Ct,norm

+ (1− α) · Φ(x)

Φnorm

]
· (1 + viol(x))η (10)3

where η is a coefficient regulating the intensity of penalty, which is set to4

1,000 after a series of preliminary trials, and viol is the term depending on5

the magnitude of the constraint violation:6

viol(x) = max

{
θ̃ − θ(x)

θ̃
, 0

}
. (11)7

4.4. The adopted generative method8

The adopted generative method is a Variable Neighborhood Search (VNS),9

which is a well known efficient meta-heuristic algorithm to solve combinato-10

rial and non-linear optimisation problems [42, 43]. The VNS algorithm uses11

a hierarchical approach to explore different neighborhood structures in a sys-12

tematic way, with the aim of finding a new local optimum or near-optimal13

solution during the evolutionary process. In particular, we adapted a recently14

proposed VNS [39] to handle the new objective function that includes the15

minimization of both total costs and mean flow time. The initial solution16

required by the VNS algorithm is found by a constructive heuristic, SAP-H,17

which guarantees a feasible solution. SAP-H is based on selecting at each18

stage the pattern that guarantees an isolated production rate greater than19

the target value in the less costly manner.20

5. Description of scenario problems and instances21

A benchmark of scenario problems was created for the experimental study.22

A full factorial Design Of Experiments (DOE) is created by varying the23

levels of three factors and comprises 18 scenario problems. Ten problem24

instances are generated for each scenario by randomly sampling the remaining25

parameters and the optimisation of each instance is replicated 10 times to26

consider the randomness embedded in the VNS.27

As for the bi-criteria approach proposed, experiments are repeated by28

varying the value of the weight α from 0 to 1, with a discretisation step29

of 0.1. The values α = 0 and α = 1 represent single-objective versions of30

10



the problem, respectively the minimisation of the total cost and the flow 1

time. Therefore, the numerical analysis includes a total of 19800 runs. All 2

algorithms have been implemented in MATLAB® R2020b. 3

The 18 scenarios were generated by varying three factors: (i) the number 4

of stages K = {8, 14, 20}, (ii) the number of available machine versions H = 5

{5, 10}, and (iii) the production rate increment δ = {1, 2, 3}. These factors 6

impact on problem dimension and complexity. For ease of communication, we 7

use a coded label to identify scenarios, as an example the label ”K08H05d1” 8

identifies the scenario with K = 8, H = 5 and δ = 1. 9

In order to simplify the problem formulation without any lack in gen- 10

erality, we assume that there are Hk = H machine versions available for 11

each stage. The δ increment determines the target production rate θ̃ of the 12

problem. Indeed, δ is a non-negative increment of the minimum achievable 13

production rate θ(x0) for a production system layout x0 where a single ma- 14

chine with the lowest speed and cost is used at each stage. In particular: 15

θ̃ = θ(x0) · (1 + δ). This approach enables the computation of the maximum 16

number of machines per stage Mk, such that the target production rate can 17

be achieved solely by employing the less expensive machines. 18

Table 2 provides a summary of how processing times, machine costs and 19

speeds were randomly sampled for instance generation. Jobs flow from stage 20

k = 1 to stage k = K without skipping, and their processing times are 21

assumed to follow Lognormal distributions [44, 45]. Specifically, processing 22

times at each stage are drawn from Log(2, 1.5). Machine costs ch,k are sam- 23

pled from a uniform distribution with a minimum of 100 and a maximum of 24

200 (i.e., U(100, 200)), and processing speeds sh,k are sampled from U(1, 1.5). 25

Part processing times are scaled according to the machine speed. The ma- 26

chines are sorted based on increasing costs for increasing processing speeds, 27

with the slowest machine version set to have s1,k = 1 for each stage k. In this 28

context, the assumption of incremental cost relationship with machine speed 29

(higher speed equals higher cost) is used without imposing a specific math- 30

ematical correlation between the two characteristics. Additionally, solutions 31

featuring slow yet costly machines are dominated and are not meaningfully 32

evaluated. 33

In the evaluative method, we have fixed the number of jobs N to 3,000, as 34

this ensures that the simulation attains a stable steady-state for the produc- 35

tion rate. We conducted a series of initial test runs using a random subset 36

of the DOE and an increasing number of jobs for each scenario. The results 37

showed that setting N to 3,000 resulted in an average percentage deviation 38

11



(a) Main effects plot for cost. (b) Main effects plot for flow time.

Figure 2: Mean values of flow time and cost, grouped by the factors of the DoE: α,K,H, δ.

of the throughput that was consistently lower than 5% compared to the same1

metric evaluated in the same scenarios with N set to 100,000.2

Parameters
Description Notation Value
Number of jobs N 3,000
Processing times distribution tik Log(2, 1.5)
Machine cost distribution ch,k U(100, 200)
Machine speed distribution sh,k U(1, 1.5)

Table 2: Design of experiment.

6. Numerical results and findings3

6.1. Analysis of the performance4

This section discusses the analysis of the evaluated performance measures5

(flow time and cost), and their interaction with the experimental factors.6

Figures 2 shows the mean effect plots related to the cost and the flow time,7

respectively, grouped by the levels of each factor. According to Figure 2a, the8

mean cost tends to decrease with increasing values of α, as its weight in the9

objective function increases. Conversely, the mean flow time increases when α10

increases (Figure 2b). By comparing the scales of Figures 2a and 2b, moving11

from α = 0 to α = 1 implies a roughly 15% cost decrease, while it implies12

a roughly 52.7% flow time increase. The impact of having more available13

12



versions (H) is not statistically significant for the two performance measures 1

of interest. Trivially, the mean cost and flow time increase for long lines 2

(increasing K), as more stages are present in the system. Nevertheless, the 3

mean cost per stage (i.e. C/K) tends to slowly decrease when K increases, 4

being C/K on average equal to 384.8 for K = 8, 380.8 for K = 14, and 375.8 5

for K = 20, while the mean flow time per stage (i.e. Φ/K) does not show 6

any particular tendency (being equal to 12.9 for K = 8, 12.8 for K = 14, 7

and 13.2 for K = 20). The impact of δ is significantly increasing the mean 8

cost and decreasing the mean flow time, as the throughput target is met with 9

increasingly faster machines. However, moving from δ = 1 to δ = 3 implies 10

a greater effect on the cost increase, which is equal to 84.7%, than the effect 11

on the flow time decrease, which is 32.8%. 12

The interactions between flow time and cost are shown in Figure 3. For 13

each scenario, the figure shows a bi-objective Pareto front between the cost 14

(horizontal axis) and the flow time (vertical axis) for all α values. Each 15

curve is identified by a scenario label located on the lower right corner. The 16

blue, yellow and red color groups show the results for short (K = 8), medium 17

(K = 14) and long (K = 20) lines respectively. Within the same group color, 18

the three couples of curves are related to the three throughput increment 19

(δ = 1, δ = 2 and δ = 3 from left to right) and show that the larger the 20

throughput target, the higher the related costs. Whereas, the flow time 21

tends to be less influenced by α as δ increases (the curves becomes vertically 22

shorter by increasing δ). The Pareto fronts appear in couples: for each 23

combination of K and δ, the curves associated with H = 5 and H = 10 are 24

almost overlapped with each other; this reveals a weak influence of H on both 25

performance measures. This finding is aligned with the lack of significance 26

of H as for Figure 2. However, the weak influence of H could be partially 27

motivated by the higher computational effort required to achieve the local 28

optima. In fact, moving from H = 5 to H = 10 available variants drastically 29

increases the size of the possible patterns among which choosing the best 30

stage configuration. For instance, in the case of a 8-stage line with δ = 1, 31

H = 5 implies having a 55× 5 P matrix, while with H = 10 P is a 285× 10 32

matrix. Thus, the solution space drastically increases with H and it is more 33

difficult for the VNS to escape from local optima. 34

6.2. Analysis of solutions 35

This section focuses on the analysis of system configurations found as 36

solution of the investigated scenarios. The heat-maps in Figures 4 and 5 37
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Figure 3: Flow time Vs cost: Pareto fronts at varying the experimental factors. Mean
performance per scenario is reported.

allow inferring on the stage configurations to be adopted as both the problem1

scenario (rows) and α (columns) change.2

The mean number of machines per stage (Figure 4) increases with the3

target increment of production rate δ. Such number is affected in a minimal4

part by the weight α and the number of stages K, and it is not affected5

by the number of available versions H. While the increase of the mean6

number of machines per stage with increasing δ and decreasingK is intuitive,7

attention should be given to the minimal change related to changing α values:8

the change in the objective function does not affect the average production9

capacity per stage. The stage configuration includes on average two parallel10

machines to achieve a throughput twice the base one (δ = 1), three when δ11

is equal to 2, and almost four parallel machines when δ is equal to 3.12

The mean number of variants per stage (Figure 5) increases with the13

target increment of production rate δ and increases for decreasing α; whereas,14

it is not affected by the number of stages K and the available variants H.15

The more importance is gained by the flow time (decreasing α), the more16

variants are included in the same stage.17

Table 3 reports the probability of finding a certain number of machine18

14



Figure 4: Mean number of machines per stage according to scenario and weight α.

Figure 5: Mean number of variants per stage according to scenario and weight α.

15



variants in the same manufacturing stage. We can observe that a stage might1

include up to 4 variants, and this finding implies that the best solutions2

provide layouts with non-identical machines. Actually, most of the stages3

includes one or two variants (from 93% probability with α = 0, up to 99%4

with α = 1), and the probability of having a stage including machines with5

a single variant increases with α. Such last finding reveals that for flow6

time minimization purposes hybrid flow lines with non-identical machines7

are preferable.8

α
Number of variants

1 2 3 4
0 0.339 0.590 0.071 <0.001
0.1 0.330 0.608 0.062 -
0.2 0.330 0.610 0.060 <0.001
0.3 0.328 0.620 0.052 -
0.4 0.334 0.622 0.043 <0.001
0.5 0.361 0.603 0.036 -
0.6 0.425 0.547 0.027 <0.001
0.7 0.522 0.457 0.021 -
0.8 0.650 0.336 0.014 -
0.9 0.782 0.211 0.007 -
1 0.858 0.135 0.007 -

Table 3: Probability of having a stage configuration with non-identical machines according
to weight α. No stage has been found equipped with more than 4 variants.

6.3. Comparative evaluation of solutions9

This section aims at comparing the found solutions in terms of system10

configuration to investigate the solution robustness and variability.11

As the solutions of the analysed problem include complex stage con-
figurations, a metric to effectively understand how different are the found
configurations is needed. We use the Manhattan distance [46], a distance
metric also known as Taxicab geometry, between two points in a n dimen-
sional vector space, to compare the obtained solutions. Given two vectors
p = {p1, p2, ...pn} and q = {q1, q2, ...qn}, the Manhattan distance L1(x1, x2)
is defined as:

L1(p,q) =
n∑

i=1

|pi − qi|. (12)
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We compute L1 norm by comparing stage configurations in terms of number
mh,k of machines of variant h in stage k. As illustrative example, let us
consider K = 2, H = 5 and the following solutions x1 = {1 1}, x2 = {3 2}
and x3 = {3 8} refer to the following patterns:

x1 → P∗,x1(1) = [1 0 0 0 0]′;P∗,x1(2) = [1 0 0 0 0]′

x2 → P∗,x2(1) = [0 0 1 0 0]′;P∗,x2(2) = [0 1 0 0 0]′

x3 → P∗,x3(1) = [0 0 1 0 0]′;P∗,x3(2) = [0 2 0 0 0]′

Therefore:

L1(x1,x2) =
K∑
k=1

H∑
h=1

|Ph,x1(k) −Ph,x2(k)| = 4

L1(x1,x3) =
K∑
k=1

H∑
h=1

|Ph,x1(k) −Ph,x3(k)| = 5

L1(x2,x3) =
K∑
k=1

H∑
h=1

|Ph,x2(k) −Ph,x3(k)| = 1

The used metric enables to compare solutions in terms of actual stage 1

configuration. For small L1, two solutions are quite similar in terms of layout; 2

whilst large L1 indicates a significant difference. Referring to the provided 3

example, the system configurations x1,x2 have the same amount of machines 4

in total but their variants change; configurations x1,x3 are different both 5

in number and variants of machines, and configuration x3 only include an 6

additional machine of the same stage in the second stage with respect to x2. 7

Given a scenario instance, we compute the L1 norm between the best 8

solution found and the solutions found in the other 9 replicates of the same 9

problem instance; then we compute the mean per scenario of the obtained 10

results and we show the mean L1 norm in Figure 6. 11

It can be noticed that the value of the mean L1 increases from top to 12

bottom of Figure 6. Indeed: 13

• as the line length increases (K), more stages are compared in each 14

computation; 15

• as δ increases, the set of feasible solutions that tightly respect the 16

throughput constraint increases, and the system configurations meeting 17

the constraint increases; 18

17



Figure 6: Mean Manhattan distance according to scenario and weight α.

• the number of variants H is not significantly affecting the results.1

By analysing Figure 6 from right to left, the impact of the objective2

function and the related modification in the space of solutions is highly sig-3

nificant. The mean L1 norm almost triples as α decreases showing that the4

solutions found in replicates of the same instance are more different from5

each other as the flow time portion of the objective function increases its im-6

portance. Instead, for large values of α, the solutions found in replicates of7

the same instance appear to be very similar to each other (small L1), rather8

than equals (L1 = 0). This is especially true for scenarios in which δ is low.9

Flow time minimization incurs in a smoother objective compared to cost10

minimization since the decision variables of the SAP are discrete. Indeed, the11

integer nature of the SAP is grounded onto the number of parallel machines12

and the number of available variants, both integer variables which directly13

affect the cost of a certain system configuration x. Whereas, by modifying a14

stage configuration, the effect on the flow time might not be evident.15

7. Managerial implications16

In light of the numerical results presented and commented in the previous17

section, a series of managerial implications can be drawn to further support18

the decision-making issue of production system designers. Usually, both19

18



flow time and costs are relevant in designing production systems. Thus, 1

bi-objective optimisation could be preferable or necessary to optimize them 2

together. 3

A first worthy insight regards the impact of α and δ on both the cost and 4

the flow time variation. In brief, an increase from α equal to 0 to α equal to 5

1 would imply a mean cost saving equal about to 15% and simultaneously a 6

mean flow time increase equal about to 53%. Hence, it is worthy to point out 7

that a cost-oriented design optimisation would lead to a strong detrimental 8

effect on the flow time performance. Indeed, when more weight is given to 9

the flow time (i.e., when α tends to 0 in Figure 2), the flow time percentage 10

improvement is larger than the cost percentage deterioration. This may be 11

relevant in industries in which the delivery lead time offered to customer is 12

critical, such as automotive or aircraft spare parts. Under that perspective, it 13

is advisable for a decision maker to consider a smoother weight combination 14

between cost and flow time when searching for the best layout configuration. 15

On the other hand, whenever the target throughput grows from level 1 to 16

level 3, the average cost increase is equal about to 85%, while the flow time 17

decrease is roughly 33%. Again, it is a useful insight that makes the decision 18

makers aware about the cost impact arising from setting the δ target to a 19

high value, and the relatively low flow time reduction as well. 20

Looking at the results related to the average number of machines per stage 21

(Figure 4), it is clear that the higher the throughput target, the higher such 22

metric value, which in turns is slightly sensitive to the number of stages (K) 23

and the objective function weight (α). In other words, whether a decision 24

maker looks for a significantly higher throughput, the number of machines 25

per stage must be increased by one unit. Hence, two machines per stage are 26

enough on the average to assure a 100% throughput increment. Instead, three 27

and four machines per stage must be taken on if the throughput target is two 28

or three times higher than the current one. Interestingly, such managerial 29

implications hold whatever the values of α, K and H. 30

Beyond the managerial insights on the average number of machines per 31

stage, another guideline emerging from the numerical results concerns the 32

average number of variants per stage (Figure 5). It appears that on average 33

just one machine variant per stage or little more are sufficient to minimize 34

the cost of equipment, while the flow time minimization is more sensitive to 35

the machine variants; thus, an average number of machine variants close to 36

two is required at each stage when the objective is flow time-oriented. In 37

general, the average number of machine variants per stage should be set to 38

19



two when the throughput target is three times the reference value. On the1

other hand, such metric could be reduced roughly to 1.8 and 1.6 when the2

target δ is equal to two and three, respectively.3

Finally, the Manhattan distance metrics allows to infer on the best layout4

configuration. Figure 6 gives information on the solution diversity at varying5

the several parameters. What emerges is that a low solution diversity exists6

when the objective is cost-oriented and the number of machines is low. In7

other words, the uncertainty on the selected layout configuration is quite8

weak. Conversely, a higher diversity of solution in terms of layout comes9

out when the objective holds a higher flow time component and the line is10

longer. In this latter scenario, the choices of the decision maker on the best11

layout configuration could be more uncertain and the expected performance12

as well.13

8. Conclusive remarks and future developments14

The bi-criteria SAP for hybrid flow lines is addressed in this paper to min-15

imise the investment cost and the flow time while meeting a target troughput.16

A Variable Neighbourhood Search algorithm is used to solve the bi-criteria17

problem, and an in-dept analysis of the solutions is performed.18

The objective of the paper was to analyse the impact of various system19

characteristics on the solutions in terms of both flow time and investment20

cost. To this aim, a comprehensive design of experiments involving three21

influencing factors at different levels has been arranged. The factors are: the22

number of stages, the number of available machine versions and the through-23

put increment. The numerical results showed the impact of such factors on24

both flow time and investment cost. Also, the Manhattan distance metric25

has been used to assess the differences in the found system configurations26

when varying the factor levels. Managerial implication has been drawn to27

help decision makers in designing production system.28

Future effort could be devoted to investigate the bi-criteria SAP under29

different assumptions such as different machine versions or multi-product30

environments, or by including other significant criteria such as the operative31

cost of the line, or the energy consumption. New advanced optimisation32

methods might be needed to address such new problems. A reconfiguration33

problem can be evaluated in the future where the cost of dismissing old34

machines present in the system is included.35
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[42] N. Mladenović, P. Hansen, Variable neighborhood search, Computers &6

operations research 24 (11) (1997) 1097–1100.7
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Appendix A. Descriptive statistics of performance measures 1

This section includes three tables showing the average values and the 2

standard errors (i.e., the standard deviation divided by the squared root of 3

the number of observations) of throughput, flow time and cost. The values 4

are shown for each scenario and each α value. Tables A.4-A.5-A.6 show the 5

results for scenarios with 8, 14, and 20 stages respectively. 6

Scenario α TH Flow Time Cost
avg see avg see avg see

K
0
8
H
0
5
d
1

0 0.55 0.00 41.07 1.05 2938.59 21.13
0.1 0.55 0.00 52.39 1.29 2573.30 14.01
0.2 0.55 0.00 56.56 1.09 2498.47 13.46
0.3 0.55 0.00 62.47 0.95 2414.19 12.42
0.4 0.54 0.00 78.41 0.89 2268.72 11.18
0.5 0.54 0.00 80.94 1.25 2244.13 10.22
0.6 0.54 0.00 95.01 1.83 2171.20 11.18
0.7 0.54 0.00 110.29 2.45 2113.19 10.41
0.8 0.54 0.00 146.03 3.10 2019.20 8.77
0.9 0.53 0.00 208.22 5.87 1926.07 6.96
1 0.52 0.00 267.09 6.59 1898.32 7.49

K
0
8
H
0
5
d
2

0 0.81 0.00 72.56 1.34 3343.61 16.82
0.1 0.81 0.00 76.52 1.35 3278.89 15.24
0.2 0.81 0.00 76.49 1.37 3252.28 14.48
0.3 0.81 0.00 77.99 1.40 3213.13 12.27
0.4 0.81 0.00 84.35 1.79 3159.95 11.79
0.5 0.81 0.00 86.28 2.14 3130.07 12.79
0.6 0.80 0.00 95.74 2.08 3074.44 13.73
0.7 0.80 0.00 112.20 2.36 2989.92 13.74
0.8 0.79 0.00 135.52 3.69 2907.85 12.07
0.9 0.78 0.00 155.88 3.21 2862.97 10.75
1 0.78 0.00 177.78 3.43 2848.70 11.22

K
0
8
H
0
5
d
3

0 1.06 0.00 66.75 1.48 4252.73 18.51
0.1 1.06 0.00 70.08 1.76 4186.67 16.39
0.2 1.06 0.00 70.71 1.72 4151.97 14.84
0.3 1.06 0.00 71.64 1.71 4132.62 13.77
0.4 1.06 0.00 74.53 1.68 4083.11 14.10
0.5 1.06 0.00 79.28 1.84 4033.30 15.15
0.6 1.05 0.00 87.39 2.12 3962.28 13.54
0.7 1.04 0.00 96.92 2.49 3891.05 12.64
0.8 1.04 0.00 107.51 2.80 3835.16 14.45
0.9 1.04 0.00 115.20 2.41 3813.13 15.54
1 1.04 0.00 138.25 2.30 3799.67 14.55

K
0
8
H
1
0
d
1

0 0.54 0.00 83.92 1.01 2263.28 8.05
0.1 0.54 0.00 84.93 1.08 2251.34 8.38
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0.2 0.54 0.00 81.92 1.04 2254.68 8.56
0.3 0.54 0.00 88.17 1.03 2193.51 9.15
0.4 0.54 0.00 89.05 1.05 2176.51 8.46
0.5 0.54 0.00 96.20 1.27 2134.54 7.96
0.6 0.54 0.00 102.63 1.18 2104.63 7.98
0.7 0.54 0.00 115.21 2.23 2061.82 7.29
0.8 0.54 0.00 139.85 2.93 2001.29 6.51
0.9 0.53 0.00 205.00 5.56 1902.32 6.22
1 0.52 0.00 246.53 3.72 1878.24 5.92

K
0
8
H
1
0
d
2

0 0.81 0.00 84.20 1.61 3162.87 13.05
0.1 0.81 0.00 85.70 1.71 3138.61 11.71
0.2 0.81 0.00 83.30 1.49 3138.28 10.56
0.3 0.81 0.00 86.99 1.55 3092.23 10.76
0.4 0.81 0.00 88.97 1.68 3075.97 10.87
0.5 0.81 0.00 95.48 1.95 3044.16 10.44
0.6 0.80 0.00 100.97 2.15 3011.71 10.95
0.7 0.80 0.00 113.56 2.21 2949.28 7.82
0.8 0.79 0.00 134.82 3.38 2872.02 10.50
0.9 0.78 0.00 154.41 3.08 2830.41 8.89
1 0.78 0.00 169.93 2.59 2816.83 8.75

K
0
8
H
1
0
d
3

0 1.05 0.00 67.29 1.34 4143.97 16.32
0.1 1.05 0.00 68.25 1.34 4107.88 13.23
0.2 1.05 0.00 67.63 1.23 4101.24 11.80
0.3 1.05 0.00 72.38 1.28 4049.13 12.71
0.4 1.05 0.00 72.63 1.22 4032.21 11.46
0.5 1.05 0.00 77.34 1.21 3987.61 10.05
0.6 1.05 0.00 81.67 1.42 3940.19 10.22
0.7 1.05 0.00 93.30 1.90 3862.19 11.96
0.8 1.04 0.00 102.46 1.75 3814.01 12.38
0.9 1.04 0.00 123.60 2.26 3764.77 11.74
100 1.04 0.00 131.97 2.25 3758.89 11.53

Table A.4: Average and standard error values of throughput, flow time and cost of sce-
narios with K = 8.

Scenario α TH Flow Time Cost
avg see avg see avg see

K
1
4
H
0
5
d
1

0 0.54 0.00 106.36 1.59 4594.07 26.58
0.1 0.54 0.00 125.32 1.45 4244.03 14.56
0.2 0.54 0.00 128.67 1.56 4175.13 14.73
0.3 0.54 0.00 130.55 1.31 4116.05 14.58
0.4 0.54 0.00 150.18 1.61 3965.49 12.15
0.5 0.53 0.00 158.13 1.88 3881.21 13.79
0.6 0.53 0.00 179.39 2.21 3759.99 13.55
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0.7 0.53 0.00 199.19 2.55 3666.33 13.11
0.8 0.52 0.00 260.72 4.42 3482.60 10.85
0.9 0.51 0.00 329.03 5.55 3355.97 7.09
1 0.50 0.00 411.09 8.49 3316.3 8.38

K
1
4
H
0
5
d
2

0 0.79 0.00 139.26 2.05 5720.32 13.37
0.1 0.79 0.00 146.90 2.06 5633.67 12.64
0.2 0.79 0.00 145.41 2.00 5611.27 10.88
0.3 0.79 0.00 147.20 1.84 5568.31 10.92
0.4 0.79 0.00 158.70 1.99 5455.84 11.33
0.5 0.79 0.00 160.15 2.09 5412.86 13.26
0.6 0.78 0.00 176.04 2.30 5305.17 14.16
0.7 0.78 0.00 194.92 2.70 5174.72 13.87
0.8 0.77 0.00 219.81 3.27 5065.02 11.42
0.9 0.76 0.00 249.64 2.84 4986.60 11.77
1 0.75 0.00 273.82 3.98 4983.40 11.87

K
1
4
H
0
5
d
3

0 1.03 0.00 115.57 2.57 7367.33 15.67
0.1 1.03 0.00 119.44 2.64 7267.81 15.21
0.2 1.03 0.00 120.75 2.62 7214.32 14.52
0.3 1.03 0.00 122.61 2.55 7138.48 14.11
0.4 1.02 0.00 130.40 2.51 7038.82 14.82
0.5 1.02 0.00 133.79 2.50 6985.79 15.79
0.6 1.02 0.00 148.52 2.88 6845.74 12.63
0.7 1.01 0.00 158.62 2.96 6764.93 13.46
0.8 1.01 0.00 179.53 2.65 6669.87 15.49
0.9 1.01 0.00 189.25 2.59 6638.08 16.11
1 1.01 0.00 212.18 2.82 6637.44 15.69

K
1
4
H
1
0
d
1

0 0.53 0.00 164.17 1.65 3906.39 8.73
0.1 0.53 0.00 163.96 1.64 3884.83 8.25
0.2 0.54 0.00 157.65 1.60 3900.25 9.38
0.3 0.53 0.00 168.90 1.64 3815.96 8.31
0.4 0.53 0.00 167.17 1.55 3800.21 8.13
0.5 0.53 0.00 181.40 1.90 3707.06 7.14
0.6 0.53 0.00 190.76 2.09 3650.26 9.30
0.7 0.53 0.00 215.97 2.69 3563.72 9.81
0.8 0.52 0.00 246.70 3.55 3459.59 10.92
0.9 0.51 0.00 316.56 5.74 3338.52 7.38
1 0.50 0.00 399.84 6.84 3292.37 6.33

K
1
4
H
1
0
d
2

0 0.79 0.00 156.92 2.05 5484.66 9.97
0.1 0.79 0.00 157.45 2.17 5463.67 9.75
0.2 0.79 0.00 152.65 1.97 5467.95 8.55
0.3 0.79 0.00 161.67 2.12 5382.59 7.71
0.4 0.79 0.00 158.57 1.99 5377.62 8.24
0.5 0.78 0.00 175.20 2.27 5264.18 9.89
0.6 0.78 0.00 180.77 2.56 5208.95 10.26
0.7 0.78 0.00 196.36 2.63 5113.58 10.06
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0.8 0.77 0.00 214.39 3.33 5027.1 10.12
0.9 0.76 0.00 244.25 2.81 4951.49 9.92
1 0.75 0.00 273.45 4.14 4941.27 9.87

K
1
4
H
1
0
d
3

0 1.02 0.00 118.32 2.72 7230.20 14.03
0.1 1.02 0.00 118.41 2.74 7171.83 12.40
0.2 1.02 0.00 117.86 2.61 7121.60 10.99
0.3 1.02 0.00 123.21 2.71 7018.76 13.77
0.4 1.02 0.00 121.67 2.61 6992.94 14.55
0.5 1.02 0.00 133.37 2.72 6885.11 13.66
0.6 1.02 0.00 138.60 2.86 6820.73 13.60
0.7 1.01 0.00 149.99 3.12 6745.40 13.78
0.8 1.01 0.00 167.73 2.51 6656.88 15.51
0.9 1.01 0.00 191.14 2.57 6596.73 13.41
1 1.01 0.00 211.71 2.78 6594.07 13.56

Table A.5: Average and standard error values of throughput, flow time and cost of sce-
narios with K = 14.

Scenario α TH Flow Time Cost
avg see avg see avg see

K
2
0
H
0
5
d
1

0 0.53 0.00 200.25 2.94 6072.39 35.87
0.1 0.53 0.00 229.03 2.90 5762.51 17.85
0.2 0.53 0.00 229.73 2.96 5710.86 15.47
0.3 0.53 0.00 229.80 2.92 5674.13 13.94
0.4 0.52 0.00 258.61 3.55 5499.69 13.38
0.5 0.52 0.00 257.53 3.25 5468.64 12.94
0.6 0.52 0.00 298.19 4.32 5270.42 9.23
0.7 0.51 0.00 332.10 5.76 5110.96 13.99
0.8 0.50 0.00 398.61 4.93 4876.69 12.74
0.9 0.50 0.00 449.03 4.36 4762.68 8.93
1 0.49 0.00 540.28 7.87 4728.92 8.93

K
2
0
H
0
5
d
2

0 0.77 0.00 222.57 2.57 7997.23 13.39
0.1 0.77 0.00 231.02 2.77 7887.38 14.88
0.2 0.77 0.00 232.97 2.86 7845.88 14.80
0.3 0.77 0.00 232.63 2.78 7810.96 14.37
0.4 0.76 0.00 249.03 2.87 7648.97 12.69
0.5 0.76 0.00 251.85 3.07 7579.82 14.15
0.6 0.75 0.00 272.60 3.17 7390.71 15.27
0.7 0.75 0.00 289.25 3.20 7255.63 16.79
0.8 0.74 0.00 306.13 3.13 7166.44 15.83
0.9 0.74 0.00 326.99 2.70 7101.36 13.75
1 0.73 0.00 360.43 3.89 7099.71 13.52

K
2
0
H
0
5
d
3

0 1.00 0.00 168.33 3.24 10358.03 18.95
0.1 0.99 0.00 173.98 3.26 10222.05 19.07
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0.2 0.99 0.00 174.83 3.16 10143.22 16.99
0.3 0.99 0.00 177.44 3.09 10051.83 15.85
0.4 0.99 0.00 185.09 3.20 9934.68 17.15
0.5 0.99 0.00 190.32 3.33 9828.32 19.45
0.6 0.99 0.00 206.97 3.63 9682.82 20.55
0.7 0.98 0.00 215.58 3.90 9590.12 20.20
0.8 0.98 0.00 225.83 3.83 9525.54 19.26
0.9 0.98 0.00 236.11 3.52 9491.33 18.80
1 0.98 0.00 275.85 2.41 9473.19 17.22

K
2
0
H
1
0
d
1

0 0.52 0.00 268.82 3.21 5457.19 11.56
0.1 0.52 0.00 270.09 3.09 5436.42 11.13
0.2 0.52 0.00 258.21 2.99 5460.27 11.34
0.3 0.52 0.00 276.32 3.52 5365.59 11.95
0.4 0.52 0.00 266.84 3.42 5372.28 11.30
0.5 0.52 0.00 293.98 3.82 5240.71 9.28
0.6 0.52 0.00 307.89 3.95 5163.17 8.60
0.7 0.51 0.00 342.48 4.51 5014.87 9.63
0.8 0.50 0.00 389.73 5.84 4852.64 12.19
0.9 0.50 0.00 436.06 4.87 4744.46 9.79
1 0.49 0.00 519.62 7.75 4712.36 8.34

K
2
0
H
1
0
d
2

0 0.77 0.00 243.86 2.54 7726.77 11.09
0.1 0.77 0.00 242.09 2.63 7704.81 12.40
0.2 0.77 0.00 240.77 2.62 7682.10 11.13
0.3 0.76 0.00 248.87 2.60 7583.63 9.03
0.4 0.76 0.00 247.06 2.68 7560.01 9.79
0.5 0.76 0.00 259.64 2.71 7444.15 9.91
0.6 0.76 0.00 270.60 2.86 7331.75 12.57
0.7 0.75 0.00 289.28 3.35 7206.36 14.72
0.8 0.74 0.00 304.69 3.35 7118.00 13.91
0.9 0.74 0.00 321.41 3.07 7063.21 13.07
1 0.73 0.00 356.69 4.31 7062.01 12.48

K
2
0
H
1
0
d
3

0 0.99 0.00 157.95 1.51 10231.14 17.16
0.1 0.99 0.00 156.50 1.50 10142.79 15.14
0.2 0.99 0.00 158.45 1.49 10065.60 15.09
0.3 0.99 0.00 161.69 1.52 9986.24 14.41
0.4 0.99 0.00 164.02 1.43 9912.34 15.44
0.5 0.99 0.00 173.44 1.69 9796.77 17.02
0.6 0.98 0.00 189.17 2.79 9685.99 21.12
0.7 0.98 0.00 209.68 3.82 9579.82 22.34
0.8 0.98 0.00 221.04 3.73 9501.75 21.12
0.9 0.98 0.00 248.56 2.28 9428.89 15.15
1 0.98 0.00 271.47 2.38 9432.69 14.15

Table A.6: Average and standard error values of throughput, flow time and cost of sce-
narios with K = 20.
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