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Abstract— Multi-skill resource-constrained project schedul-
ing problem (MS-RCPSP) is one of the most investigated prob-
lems in operations research. Most researches ignore transfer
time of resources between activities, which is regularly en-
countered in manufacturing and service industries. Traditional
methods assume that the skill value of resource is fixed, but
in practice, it changes with the influence of the environment.
When using traditional approach, the optimizing procedure
of the baseline project plan fails and leads to delays. To
address this issue, we propose a robust model which employs
a novel robust counterpart that is different from the previous
literature. A new genetic algorithm using two new population
initialization heuristic methods is proposed to find a robust
schedule. Experiment shows the effectiveness of our proposed
method in providing more robust schedules under resource skill
uncertainty.

I. INTRODUCTION

As one of the most important issues in decision making
area, the resource-constrained project scheduling problem
(RCPSP) aims to schedule a given set of nonpreemptive
activities considering precedence relations and a finite set of
renewable resources. Because RCPSP is NP-hard, the time
cost is unacceptable when using exact algorithm to solve
large scale problem [1] [2]. Researchers pay a lot attention to
heuristic algorithms, which can obtain near-optimal solution
in shorter time. Two categories of heuristic algorithm, con-
structive and meta-heuristic methods, are widely investigated.
In constructive method, priority rules are widely used, such
as latest start time (LST), longest processing time (LPT),
latest finish time (LFT), shortest processing time (SPT), and
most total successor (MTS). Researchers extent the tradi-
tional RCPSP to adapt to the the actual industry situation.
Especially when it comes to schedule the resources like
manpower or multi-purpose vehicles, each resource masters
two or more kinds of skill. To deal with this problem, the
multi-skill resource constrained project scheduling problem
(MS-RCPSP) is proposed to make it be more close to the
real-world situation [3]. A lot of meta-heuristic algorithms
are proposed for RCPSP, such as genetic algorithm (GA)
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([5]), particle swarm optimization (PSO) ([6] [7]), tabu
search (TA) [8], simulated annealing (SA) [9], shuffled frog-
leaping (SFLA) [10], harmony search (HS) [11], etc.

The standard RCPSP and MS-RCPSP assume that it
doesn’t take time for resource to transfer between differ-
ent activities. In practice, sometimes the distance between
the sites of activities are relatively long, moving resources
between these sites may take a long time. In such cases,
modeling and solving MS-RCPSP without considering trans-
fer time could produce unachievable schedules. [12] develops
heuristic framework for RCPSP considering the transfer time
between activities. [13] develops several adaptations of the
genetic algorithm (GA) for this problem. A flow-based tabu
search algorithm is developed by [14]. Recently, an efficient
genetic algorithm to deal with single mode RCPSP with
transfer time is proposed by [5].

In most researches, MS-RCPSP is solved in a deterministic
manner in which the parameters of the problem are assumed
to be known with certainty and do not change while exe-
cuting the project. However, in real-world environment, the
project is often unable to stick to its given baseline schedule
due to external uncontrollable events such as manpower
unavailability, machine breakdowns, weather changes, and
hence the scheduled completion time of the project is often
delayed. Generally, there are two main strategies to deal
with these uncertainties and to improve the robustness of
a schedule. The first strategy is to insert time buffer into
the scheduling plan to prevent the propagation of disruptions
throughout the schedule as much as possible ([15] [16] [17]),
this strategy is usually used to deal with the uncertainty
related to activity duration. The second strategy focus on
robust resource allocation, which is achieved by determining
the sequence of resource transfers across the activities.
As a consequence, precedence relations will be added to
the original precedence network using the same resource
requirement, and a robust objective function is formulated
to evaluate the robustness of the schedule ([18] [19]). But
optimizing the robust objective function is an indirect way
to deal with the activity related uncertainties. This method
can only evaluate the robustness of the scheduling plan as
a whole, the activity in which cannot be treated differently.
The relationship between optimization function and the ro-
bustness of executing a specific activity in the project is very
vague. It is also impossible to estimate the probability of the
satisfaction of the robustness constraints for an activity when
a schedule is made.

However, when it comes to the project in food industry or
service providing scenarios, the skill of resources are often
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subject to a high level of uncertainty for various reasons such
as weather, traffic conditions and the working enthusiasm
of human resources, the transfer time of resources must be
considered. The MS-RCPSP with uncertainty of resource
skills is more challenging than their deterministic version. In
such cases, two new requirements are important to business.
The first one is the full control on the degree of conservatism
for every activity. The second one is a probabilistic guarantee
must be made when small deviation exists in robust related
constraints. To the best of the author’s knowledge, there is no
method which focus on solving the above problem in existing
literature. To solve the problem, this paper investigate multi-
skill resource constrained project scheduling problem with
transfer time and skill uncertainty, a new problem formula-
tion and its robust counterpart are proposed. Based on the
robust counterpart, a novel genetic algorithm is presented.
The experiment result shows effectiveness of our proposed
method in providing more robust schedule under resource
skill uncertainty.

II. MULTI-SKILL RESOURCE CONSTRAINED PROJECT
SCHEDULING PROBLEM WITH TRANSFER TIME AND SKILL

UNCERTAINTY

A. Problem Description

The problem can be described as follows: a set of activities
V = {0, . . . , i, . . . , j, . . . ,n + 1} to be processed, 0 and n+1
represent dummy activities respectively. Each activity has a
processing time p j. Precedence constraints exist between ac-
tivities. In the project, there are K resources {1, . . . ,k, . . . ,K}
and LN types of skills {1, . . . , l, . . . ,LN}. Each resource
masters one or several types of skill. Because the uncertainty
in evaluating the skill professional level of a resource, in this
paper, the skill professional level is represent by an interval.
It takes some time for a resource to travel from one activity
to another. Each activity requires one or several types of skill
at a minimum professional level respectively. Each resource
can only process one activity at a time. Each activity should
be processed only once. MS-RCPSP with transfer time and
skill uncertainty can be decomposed into two sub-problems:
task scheduling problem and resource assigning problem.
The objective of the problem is to schedule all activities to
satisfy the precedence and resource constraints in such a way
that the makespan of project is minimized. Figure 1 shows
an example of MS-RCPSP with transfer time and uncertainty
skill.

B. Deterministic Model

We make the following assumptions of the problem dis-
cussed in this paper: (1) Preemption is not allowed, that is,
if an activity is being processed it must be processed to the
end of that activity. (2) Each skill can be performed with
different proficiency level corresponding to the ability that
the resource masters. (3) Each resource can only contribute
one skill it masters when the resource the resource is
assigned to perform a certain activity. (4) An activity can
start to be processed only if all the resource assigned to it
have been transferred to the activity’s location.

Using the notations in Table I, the deterministic prob-
lem formulation of multi-skill resource constrained project
scheduling problem with transfer time can be formulated as
follows:

min
LSn+1

∑
t=ESn+1

tsn+1,t (1)

s.t.

LS j

∑
t=ES j

ts jt −
LSi

∑
t=ESi

tsit − pi−∆i j · zi jk ≥ 0,

i ∈V\{n+1}, j ∈V\Fi,k ∈ K,

(2)

LS j

∑
t=ES j

x jkt ≤ 1, k ∈ R, j ∈Vk, (3)

∑
j∈Vk

min{LS j ,t}

∑
τ=max{ES j ,t−p j+1}

x jkτ ≤ 1, k ∈ R j, t ∈ T, (4)

x jkt ≤ s jt , j ∈V\{0,n+1},k ∈ R j, t ∈ {ES j, . . . ,LS j}, (5)

x jkt +1≥ s jt + ∑
l∈Lk∩L j

y jkl ,

j ∈V\{0,n+1},k ∈ R, t ∈ {ES j, . . . ,LS j},
(6)

∑
k∈Rl

y jkl ·ukl ≥ r jl , j ∈V\{0,n+1}, l ∈ L j, (7)

LS j

∑
t=ES j

x jkt = ∑
l∈Lk∩L j

y jlk, j ∈V\{0,n+1},k ∈ R j, (8)

∑
i∈V\H j

zi jk ≥ ∑
e∈V\Fj

z jek, j ∈V\{0},k ∈ R, (9)

∑
j∈V

zi jk ≤ 1, i ∈V,k ∈ K, (10)

LS j

∑
t=ES j

x jkt = ∑
i∈V\{n+1}

zi jk, j ∈V\{0,n+1},k ∈ R, (11)

s jt ∈ {0,1}, j ∈V, t ∈
{

ES j, . . . ,LS j
}
, (12)

x jkt ∈ {0,1}, j ∈Vk, t ∈
{

ES j, . . . ,LS j
}
,k ∈ R, (13)

y jkl ∈ {0,1}, j ∈Vk, l ∈ Lk ∩L j,k ∈ R. (14)

C. Robust Model

Considering the uncertainty in evaluating the skill pro-
fessional level of resources, the skill professional level is
modeled as box uncertainty set. ukl ,k ∈ R, l ∈ L denotes the
level of skill l that resource k can provide. ukl takes values
according to a symmetric distribution with mean equal to ukl
from [ukl− ûkl ,ukl + ûkl ]. For each activity j, parameter Γ j is
introduced to adjust the robustness against the conservatism
of the solution, up to bΓ jc of parameters ukl are allowed to
change, and for one specific ukl changes by

(
Γ j−

⌊
Γ j
⌋)

ûkl .
Referring the robust modeling method proposed by [20], the
robust counterpart can be formulated as follows:

min (1),
s.t. (2) to (6), (8) to (14),

∑
k∈R j

ukly jkl − z jlΓ j− ∑
k∈R j

wkl ≥ r jl , j ∈V, l ∈ L, (15)

z jl +wkl ≥ ukl , j ∈V\{0,n+1},k ∈ R, l ∈ L, (16)

ukl − ûkl ≥ ukl ≤ ukl + ûkl , k ∈ R, l ∈ L, (17)

wkl ≥ 0, k ∈ R, l ∈ L, (18)
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Fig. 1. Problem Illustration

TABLE I
THE NOTATIONS

Notations

V = {0, . . . , i, . . . , j, . . . ,n+1} set of activities, activity 0 and n+1 are dummy activities.
Pj set of activities which are the direct predecessor of activity j.
Fj set of activities which are the direct or indirect predecessor of activity j.
S j set of activities which are the direct successor of activity j.
H j set of activities which are the direct or indirect successor of activity j.
R = {1, . . . ,k, . . .K} set of resources.
L = {1, . . . , l, . . .LN} set of skills.
L j set of skill required by activity j.
Lk set of skill mastered by resource k.
Vk set of activities requiring skills mastered by resource k.
R j set of resource that can contribute at least one skill required by activity j.
Rl set of resources which can provide skill l.
r jl the levels of skill l required to process activity j.
ukl the units of skill l processed by resource k.
c jkl the cost of resource k to perform activity j with skill l.
p j the processing time of activity j.
f j the finish time of activity j.
sk j the slack time of activity j.
∆i j the time needed to transfer resource from activity i to activity j.
µ(i, j) length of the longest path from activity i to activity j.
T = {0, . . . , t, . . . ,UB} set of discrete times in which activities might start, UB represent the upper bound.
ES j,LS j , earliest and latest start time of activity j.
STj the start time of activity j.
s jt decision variable to determine whether activity j to be processed at time t.
x jkt decision variable to determine whether resource k processes activity j at time t.
y jkl decision variable to determine whether resource k is assigned to activity j for performing skill l.
zi jk decision variable to determine whether resource k is transferred for i to j.

z jl ≥ 0, j ∈V\{0,n+1}, l ∈ L. (19)

III. THE PROPOSED GENETIC ALGORITHM

In this section, we describe a new GA to solve resource-
constrained project scheduling problem with transfer time
and uncertainty skill. It starts with the modified regret-based
biased sampling heuristic algorithm to generate activity list.
Then the resource list generation algorithm is applied to
make resource allocation. The makespan is selected as the
fitness value of individuals. The proposed algorithm uses
the two-point crossover proposed by [5]. Once the new
population is obtained, a mutation operator is applied to each
individual in the new population. The mutation operator work

as follows: randomly select a position i from activity list
and draw a random number xpi from a uniform distribution
between 0 and 1. Switch the activity in position i and i+1,
if i+1 is not direct or indirect successor of i and xpi < µ ,
µ denotes the mutation probability. The pseudo-code of the
proposed algorithm is presented in Algorithm 1.

A. Solution Representation

Our problem is an extension of RCPSP, considering the
mull-skill nature and the heterogeneous of resources, so the
activity-resource list is adopted in this paper as the encoding
scheme. Specifically, a solution is encoded by an activity-
resource list Λ = [π,τ], where π = [π1,π2, . . . ,πn] is the
activity list which represents the priority activity sequence,
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Algorithm 1: The proposed genetic algorithm
1 Generate G initial solutions using the modified regret-based biased sampling heuristic and resource list

generation algorithm.
2 CG = 1 (Count of generation).
3 while CG≤ L do
4 Generate G offspring solutions using two-points crossover operators.
5 Apply mutation operators to some of the offspring.
6 Compute the fitness of each offspring.
7 Add new G solutions to the previous G solutions.
8 Remove solutions that do not satisfy robust constraints by solving Robust Constraints Satisfaction

Problem(RCSP)
9 Select the best G solutions as the next population.

10 CG =CG+1.
11 end
12 Return the best solution found.

τ = [τ1,τ2, . . . ,τn] is the resource list which represents the
resource allocation details for corresponding activity, τ j
represent the set of resources assigned to activity j.

B. Activity-list Generation

In this paper, the activity list is generated firstly using a
modified regret-based sampling heuristic algorithm, as shown
in Algorithm 2. Four different activity priority rules are
involved: the latest finish time (LFT), the longest processing
time (LPT), the latest start time (LST) and the Greatest Rank
Positional Weight (GRPW). An iteration mode is selected
randomly from {activity-mode, set-mode}.

Algorithm 2: Modified regret based sampling heuris-
tic

Data: Activities, Precedence network
Result: Activity list

1 Initialize the activity list: π = {0}.
2 Initialize the eligible activity set E = { j ∈V |Pj = 0}.
3 Randomly selected an activity rule from {LST, LPT, LFT, MTS }.
4 Randomly selected an iteration mode: {activity-mode, set-mode}.
5 if mode = activity-mode then
6 while E 6= φ do
7 Compute priority value pv j for j ∈ E
8 For j ∈ E, calculate the regret value

re j = maxi∈Pj , j∈E {∆i j}−mini∈Pj
{∆i j}+max j∈E {pv j}− pv j and the select

probability ψ j =
re j

∑i∈E rei
9 Select an activity j∗ ∈ E ψ j using roulette selection method and pv j .

10 Add j∗ to the end of π .
11 Update E = { j ∈V |Pj ⊆ π and j /∈ π}.
12 end
13 end
14 else if mode = set-mode then
15 while E 6= φ do
16 Ecopy = E .
17 while Ecopy 6= φ do
18 Compute priority value pv j for j ∈ E
19 For j ∈ E, calculate the regret value

re j = maxi∈Pj , j∈E {∆i j}−mini∈Pj
{∆i j}+max j∈E {pv j}− pv j and the select

probability ψ j =
re j

∑i∈E rei
20 Select an activity j∗ ∈ E ψ j using roulette selection method and pv j .
21 Add j∗ to the end of π .
22 Remove j from Ecopy (Ecopy = Ecopy\ j).
23 end
24 Update E = { j ∈V |Pj ⊆ π and j /∈ π}.
25 end
26 end

C. Resource-list Generation

After obtaining the activity list, a skill weight rule and
a resource rule are designed to make resource allocation
for the activities in activity-list. Skill weight rule defines

the probability of the skill priority during the process of
resource allocation. Similarly, the resource weight defines
the sequence for resource to be allocated to a given activity.
Resource rules are used to determine the order in which
resources are allocated. The resource rule are defined as
follows:

Resource-rule 1: Arrange the activities in an ascending
order according to their transfer time to the target activity.

For an activity which has been assigned resources, the skill
sequence (denoted by SE) describes the priority of skill type
provided by resources. For a specific activity j waiting for the
resource to be allocated, the relative relationship between its
skill requirement and the total supply of the corresponding
available resources determines the probability of the skill
priority. The chosen probability of each skill is calculated
as:

κl =
r jl

∑k∈APj ukl
(20)

psl =
κl

∑l∗∈L j ,l∗ /∈SE κl∗
(21)

To make sure the robustness is satisfied for each activity
after the original resource list has been generated, the Ro-
bust Constraints Satisfaction Problem (RCSP) is checked at
each iteration. Assuming that j is specified in the precious
algorithm according to the activity list, l is chosen form
the skill sequence (SE), TA jl represent the temporarily store
pre-allocated resources which are to perform activity j with
skill l. Based on robust model presented in Section II.B, the
constraints of the RCSP at each iteration is defined as (15)
to (19). Algorithm 3 shows the complete process to generate
a robust resource list for a given activity list.

IV. COMPUTATIONAL RESULT

To evaluate the proposed algorithm, we implemented it
in C++ and tested it on a computer with Intel Core i5-6300
(2.3GHz) processor with 8GB RAM. There is no benchmark
in the public literature or internet that is fully applicable to
the problem investigated in this paper.

Hence, we modified the multi-skill resource constrained
project scheduling problem instance generator and the pa-
rameters proposed by [21] to generate new instances which
fit the problem investigated in this paper. The skill uncer-
tainty is represent by a rate randomly selected from interval
[NCR,MCR]. NCR represents the minimum uncertainty rate
and MCR represents the maximum uncertainty rate. Three
new instance sets are generated, each of them consists
300 instances,the parameter of the instance set is show in
Table III. In each set, it is divided into n classes according
to the different combination of “SF”, “NC” and “RSS”. We
generated 20 instances for each combination of parameters.
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Algorithm 3: Resource-list generation algorithm
Data: Activity-list(denoted by π), Resources, Activity processing time and skill requirement
Result: Resource list

1 t = 1.
2 Initialize the set of completed activities: CA = {0}.
3 Initialize the finish time of activities: f j = 0, j ∈V .
4 Initialize the locations of resources: LR0 = R and LR j = φ , j ∈V\{0}.
5 Initialize the set of scheduled activities: SA = {0}.
6 Update the set of available activities: AA = {i ∈V |Pi =CA}.
7 Arrange the activities in AA according to their sequence in Activity-list.
8 while |SA|< |V | do
9 while AA 6= φ do

10 j = the first activity of AA .
11 APj = φ (Set of resources that can provide skills to perform skill l)
12 foreach i ∈ Fj do
13 if fi +∆i j ≤ t then
14 APj = APj ∪{k ∈ LRi}.
15 end
16 end
17 if ∑k∈APj

ukl ≥ r jl , l ∈ L j then

18 Arrange APj using Resource-rule.
19 Generate the skill sequence SE using skill sequence probability.
20 for l ∈ SE do
21 v jl = 0.
22 TA jl = φ (Temporarily store pre-allocated resources).
23 while v jl ≤ r jl and APj 6= φ do
24 k∗ = the first resource in APj
25 if uk∗ l > 0 then
26 v jl = v jl +uk∗ l , TA jl = {k

∗}∪TA jl , APj = APj\{k∗}.
27 end
28 if v jl ≥ r jl then
29 Soving Robust Satisfaction Problem.
30 end
31 end
32 end
33 if The robustness for each skill of j can be both santisfied then
34 Change the position of resources {k ∈ TA jl |∀l ∈ L j} to j
35 f j = t + p j , SA = SA∪{ j}.
36 end
37 end
38 AA = AA\{ j}.
39 end
40 t = t +1
41 Update CA = {∀ j ∈V | f j < t}.
42 Update AA = {∀ j ∈V −SA | Pj ⊂CA}.
43 if AA 6= φ then
44 Arrange the activities in AA according to the order in activiy-list.
45 end
46 end

TABLE II
EXPERIMENT PARAMETERS

Parameter Value

The number of execution on one instance 20
Population size 50
The numbers of individuals generated by initialization 50
Generation limitation 20
Crossover rate 0.8
Mutation rate 0.04

A comparative experiment is conducted between the pro-
pose genetic algorithm and a flow based tabu search [14],
each instance is computed 20 times with different algorithm.
The parameters of tabu search algorithm is set as Param-
eter Set 1 which is illustrated in [14]. Table II shows the
parameter settings for the proposed algorithm. Since the
optimal value of the makespan of an instance is very hard
to obtain, we report the minimum and maximum deviations
(Φmin,Φmax) from the critical path lower bound. Furthermore,
we list the minimal and maximal improvements (Φ0

min,Φ
0
max)

from the initial solution. As well as the average computation

TABLE III
BASE PARAMETERS

Instance Name set1 set2 set3

nAct 40 80 120
nStart 6 6 9

nFinish 7 7 10
MaxSucc 8 10 12
MaxPred 8 10 12

K 40 60 90
L 3 3 3

MSU 30 30 30
TS {150,160,230} {250, 360, 168} {450, 820, 390}

maxSkill 3 3 3
NCR 0.1 0.1 0.2
MCR 0.4 0.3 0.5

Γ j [10.5,20.5] [10.5,30.5] [15.5,40.5]

time (CTavg). Due to the uncertainty in resource skill may
cause insufficient resource allocation, we also calculated
resource insufficient rate (RIR), which is short for the pro-
portion of activity that do not have been allocated sufficient
resources. The result is shown in Table IV. It can be seen that
the proposed algorithm outperforms the compared algorithm
in resource insufficient rate. The average RIR obtained by
the proposed algorithm for 3 sets of instances is 5.1%, 9.5%,
6.4% respectively. There is significant decrease compared to
the average RIR obtained by flow-based tabu search [14],
which is 25.8%, 44.2%, 42.1%. The maller RIR means the
more robustness of the schedule against uncertainty. The
improvement rate shows both of the algorithms improve
the initial solution to some extent. When it comes to the
deviation from the critical path lover bound, the result
shows the makespan of proposed algorithm is longer then
flow-based tabu search [14]. However, considering that the
planning result of [14] has much higher RIR, it will face
more delay and uncertainty when executing this schedule in
practice. The computation time of proposed algorithm is a
little longer then the computation time of [14].

V. CONCLUSION

In this paper, we introduced a novel robust genetic algo-
rithm for MS-RCPSP with transfer time and skill uncertainty.
A new deterministic model and its robust counterpart are
proposed. The problem is decomposed into task scheduling
problem and resource assigning problem. A modified regret
base sampling heuristic algorithm is proposed to generate
high quality initial population for task scheduling problem,
a new resource list generation algorithm is proposed to
generate high quality initial population for resource as-
signing problem while considering the robust constraints.
The computation result shows the proposed algorithm can
significantly improve the robustness of the schedule under
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TABLE IV
EXPERIMENT RESULT

Instance The proposed GA Flow-based Tabu search (2016)

SF NC RSS Φmin Φmax Φ0
min Φ0

max CTavg RIR Φmin Φmax Φ0
min Φ0

max CTavg RIR

set1

0.5 1.5 0.8, 0.6, 0.5 9.7% 11.2% 1.1% 1.5% 3.1 5.3% 8.4% 9.7% 1.2% 1.8% 2.9 20.8%
0.5 1.5 0.5, 0.8, 0.6 9.6% 13.0% 1.1% 1.5% 3.5 2.6% 8.5% 11.3% 1.2% 1.7% 3.2 34.2%
0.75 1.5 0.8, 0.6, 0.5 10.9% 12.8% 1.2% 1.6% 3.3 4.7% 9.4% 11.4% 1.4% 1.9% 2.7 23.1%
0.75 1.5 0.5, 0.8, 0.6 10.7% 12.4% 1.3% 1.5% 3.3 4.5% 9.4% 10.9% 1.5% 1.8% 3.1 22.5%

1 2.1 0.8, 0.6, 0.5 9.3% 11.2% 1.1% 1.8% 3.3 6.8% 8.4% 9.7% 1.3% 2.2% 3.0 23.8%
1 2.1 0.5, 0.8, 0.6 9.7% 11.8% 1.7% 1.8% 3.2 6.4% 8.6% 10.4% 2.0% 2.2% 2.8 30.2%

average 10.0% 12.1% 1.3% 1.6% 3.3 5.1% 1.4% 1.7% 0.3% 0.4% 2.9 25.8%

set2

0.5 1.5 0.8, 0.6, 0.5 6.7% 8.8% 1.2% 2.3% 34.0 11.1% 6.1% 8.1% 1.5% 3.0% 24.7 43.8%
0.5 1.5 0.5, 0.8, 0.6 7.9% 9.1% 1.7% 3.4% 35.6 7.2% 7.2% 8.4% 2.0% 4.2% 21.2 41.7%
0.75 1.5 0.8, 0.6, 0.5 6.5% 8.6% 1.3% 2.6% 31.3 11.1% 6.1% 7.9% 1.8% 3.4% 21.6 46.1%
0.75 1.5 0.5, 0.8, 0.6 7.0% 8.5% 2.8% 3.2% 27.8 7.6% 6.3% 7.6% 3.5% 4.0% 21.4 37.5%

1 2.1 0.8, 0.6, 0.5 6.5% 8.7% 2.8% 3.1% 34.5 9.9% 5.9% 7.8% 3.4% 3.9% 23.9 48.9%
1 2.1 0.5, 0.8, 0.6 7.1% 8.2% 3.2% 3.7% 29.4 10.1% 6.4% 7.4% 4.3% 4.9% 27.2 47.1%

average 7.0% 8.7% 2.2% 3.1% 32.1 9.5% 1.1% 1.2% 0.7% 0.8% 23.3 44.2%

set2

0.5 1.5 0.8, 0.6, 0.5 6.1% 7.8% 4.3% 5.8% 322.6 5.0% 5.6% 7.2% 5.6% 8.2% 178.1 53.4%
0.5 1.5 0.5, 0.8, 0.6 5.7% 8.0% 3.1% 3.8% 205.3 9.9% 5.2% 7.4% 4.1% 5.3% 136.1 42.3%
0.75 1.5 0.8, 0.6, 0.5 5.8% 7.5% 3.1% 4.9% 299.4 5.2% 5.3% 6.9% 4.1% 6.5% 135.4 32.7%
0.75 1.5 0.5, 0.8, 0.6 6.7% 7.7% 4.4% 5.6% 315.6 6.6% 6.2% 7.0% 6.3% 7.8% 151.9 27.4%

1 2.1 0.8, 0.6, 0.5 6.9% 7.9% 3.7% 4.9% 318.3 7.8% 6.4% 7.3% 4.6% 6.9% 214.8 60.5%
1 2.1 0.5, 0.8, 0.6 6.2% 7.4% 5.0% 5.7% 330.0 3.6% 5.6% 6.9% 6.8% 8.3% 234.9 36.6%

average 6.2% 7.7% 3.9% 5.1% 298.5 6.4% 0.9% 1.2% 1.1% 1.4% 175.2 42.1%

resource skill uncertainty, while there is only a small increase
in project’s makespan and computation time.
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