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Abstract 
Construction schedules are known to be unreliable. Deadlines are passed, because a schedule’s input 
data, which is usually not exactly known in the planning phase, is considered deterministic when 
generating the schedule. This paper discusses the effects of uncertainties inherent in input data of 
construction schedules. It further discusses models that take into account these uncertainties and 
presents a method for optimizing the robustness of construction schedules by identifying the most 
robust combination of alternative processes. In this study, uncertainties are considered by 
describing the process durations with distribution functions instead of discrete values. The project 
makespan, based on stochastic process durations, is determined with a Monte Carlo simulation. To 
assess the robustness, a criterion is defined, which relates the makespan considering uncertainties 
to the makespan assuming deterministic process durations. With an adapted genetic optimization 
algorithm, the most robust combination of alternative processes is determined. A case study shows 
the effectiveness of the method. 
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1 Introduction 
Construction schedules provide information 
about all processes necessary to realize a 
project. A large amount of data is extracted 
from different sources to gain knowledge about 
the processes, such as durations, construction 
methods, required resources, dependencies, and 
boundary conditions. The compliance with 
dependencies and boundary conditions is 
ensured by defining appropriate relations 
between the respective processes. Based on the 
knowledge about the processes and their 
relations, a network plan is determined. By 
assigning a value to each process, which defines 
the process duration, a schedule can be created 
from the network plan, and start and end dates 
for the processes as well as the makespan of the 
project can be calculated. 

Since construction projects involve many 
different stakeholders depending on each other, 
a reliable schedule is of great importance. 
Typically, deadlines and makespans are 
determined using the Critical Path Method 
(CPM), a method developed in the 1950s. 
Although this method is well-established, 
construction schedules are known to be 
unreliable. The reason why deadlines and 
makespans determined with CPM are often 
passed is, that CPM assumes the input data, 
particularly the process durations, to be 
deterministic. However, only little of the input 
data is exactly known during the planning 
phase and, in fact, most values are based on 
estimation, which may result in a deviation 
during the construction phase from the initial 
schedule. Assessing the reliability of a schedule 
requires considering the uncertainties inherent 
in the input data. These uncertainties have 
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different reasons, such as unpredictable weather 
conditions, inaccurate estimations of process 
durations, machine failure etc. Although these 
uncertainties cause, depending on their nature, 
different types of deviations, most deviations 
can well be modeled by variable instead of 
discrete process durations.  

The objective of this work is not only to 
take into account uncertainties in the input data 
of construction schedules, but also to improve 
the robustness and thus the reliability of 
schedules. Robustness, in the broadest sense, is 
insensitiveness against adverse conditions. 
There is no universal and at the same time more 
precise definition of robustness, because the 
definition can only be specified depending on 
the context. In this work, investigating the 
reliability of construction schedules, 
insensitiveness of schedules concerns the 
deadlines, whereas adverse conditions are the 
process durations that might, in the 
construction phase, deviate from the values 
estimated during the planning phase. A 
schedule is robust and thus reliable when 
deadlines are insensitive against changes in the 
input data, i.e., if deadlines only change 
insignificantly even if the input data undergoes 
major changes.  

Robustness of schedules has been 
investigated in different domains, e.g. in 
machine scheduling and in vehicle routing. 
Schedule robustness in these domains is usually 
improved by varying the order of tasks. 
However, this strategy cannot be used in 
construction industry, because the order of 
tasks is fixed due to the dependencies and 
boundary conditions. Although there is no 
freedom in the order of tasks, there often is 
freedom in the choice among alternative 
processes. If different construction methods 
exist for one task, the methods can be 
considered alternative processes. To give an 
example, a column can be realized as 
prefabricated column or it can be concreted in 
situ. In addition, alternative processes can be 
provided by different options for the 
distribution of resources. Common schedules 
only consider one process per task and do not 
provide information about alternative processes 
or about the reasons for having chosen the 
specific process. As a result, consideration of 
alternative processes is usually not focused 
when improving schedules. This paper 
investigates the potential of improving schedule 
robustness by varying the choice of processes 
for tasks that offer alternative processes. For 

this purpose, it is not sufficient to assess and 
compare separate processes without regarding 
the context of a schedule. It is rather of interest 
to investigate the impact of different 
combinations of alternative processes in the 
context of the considered schedule. Robustness 
of a schedule can be improved by identifying 
the combination of alternative processes that 
shows the least sensitiveness against changes in 
the input data. 

This paper describes a method to optimize 
the robustness of construction schedules with 
respect to deadlines and makespans by varying 
the combination of alternative processes. 
Uncertainties are taken into account by using 
random instead of deterministic process 
durations. In the next section, a short summary 
of related research is given. In section 3, the 
method developed for the optimization is 
presented and further illustrated by a case study 
described in section 4. Finally, in section 5 
conclusions are drawn and an outlook on future 
work is given. 

2 Robustness in scheduling 
In this work, robustness of schedules with 
respect to the makespan is investigated. 
Uncertainties inherent in the input data should 
affect the makspan as little as possible. 
Therefore, two different aspects will be 
examined. First, a model is to be identified to 
adequately consider uncertainties. Second, a 
criterion has to be defined for quantifying the 
schedule robustness, and a method has to be 
developed for optimizing the schedule 
robustness with respect to the defined criterion. 
The following subsections provide a short 
overview of research work related to scheduling 
under uncertainties and schedule robustness. 

2.1 Consideration of uncertainties 
The Critical Path Method (CPM), developed in 
the 1950s, is a common method in construction 
scheduling for determining deadlines and 
makespans of projects (Winch et al. 2005, 
Besner et al. 2008). Based on a network plan 
and on durations defined for all processes, the 
makespan is calculated as the longest path in 
the network. For these calculations, the input 
data is assumed to be deterministic. The 
shortcomings of using deterministic data are 
obvious: Schedules not taking into account the 
uncertainties inherent in the input data are not 
fully reliable, because deviations from the initial 
schedule usually occur during the construction 
phase. Although the reasons for such deviations 
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are manifold, their consequence is generally a 
change in process durations. Variable instead of 
discrete process durations are hence an 
adequate way of considering uncertainties. 

Almost at the same time as CPM, the so 
called Program Evaluation and Review 
Technique (PERT) has been developed (Malcolm 
et al. 1959). In PERT, a stochastic approach is 
chosen and process durations are defined by 
distribution functions. For computing critical 
paths and makespans of  projects, simplifying 
assumptions are made. The two most relevant 
simplifications are 

(i) the assumption of independence of all 
processes and 

(ii) the definition that the maximum of two 
stochastic distributions is determined 
solely by the maximum of their expected 
values without considering the standard 
deviations. 

The computed makespan, based on the law 
of large numbers, is described by a normal 
distribution with a mean value μ and a standard 
deviation σ. The simplifications entail an 
underestimation of the mean value and the 
standard deviation. Therefore, although 
considering uncertainties, PERT does not result 
in more reliable schedules than the purely 
deterministic CPM. Therefore, the idea of 
stochastic scheduling has been further 
investigated. The main focus lies on the so 
called stochastic resource-constrained project 
scheduling. Taking into account resource 
constraints as well as variable process durations 
described by distribution functions, schedule 
policies are investigated that generate schedules 
that are usually optimized for a minimum 
makespan (Storck 2000, Liu and Sanlaville 1997, 
Herroelen and Leus 2005).  

Soon after the concept of fuzzy numbers 
became popular through the work of Zadeh 
(1965) and later Dubois and Prade (1978), it was 
applied to scheduling problems under 
uncertainty (Lootsma 1989). In fuzzy PERT, 
process durations are defined as fuzzy numbers, 
usually of triangular or trapezoidal shape. 
Makespan and process start times are 
determined using the operators addition, 
subtraction, maximum, and minimum. The 
approach leads to an inappropriate 
accumulation of vagueness for the result, i.e. 
makespan and start times. Hsiu and Liu (2009) 
have proposed an extended fuzzy PERT 
approach. Among other adaptions, Hsiu and Liu 
introduce a αi-level cut method for the 
determination of the earliest start times, thus 

avoiding the inappropriate accumulation of 
vagueness. 

An overview of scheduling under 
uncertainties can be found in Herroelen and 
Leus (2005). In summary, stochastic as well as 
fuzzy approaches are investigated under 
different objectives. It can be concluded that, 
although minimizing the makespan of schedules 
is a common objective, increasing attention is 
paid to the optimization of the schedule 
robustness. 
 

2.2 Robust scheduling 
The term robustness is used in many areas and 
in different respects. In the context of 
scheduling, Sörensen (2001) distinguishes 
between solution and quality robustness. 
Solution robustness implies that the structure of 
the schedule itself is insensitive against 
deviations from the initial input data, whereas 
for a quality robust schedule the impact of 
changes on a certain quality of the schedule is 
considered; such quality can, e.g., be the 
makespan or the costs of a project. In literature, 
different methods and criteria for measuring the 
robustness of a schedule have been proposed, 
some of which being discussed in the following 
paragraphs. 

Van de Vonder et al. (2006) use the sum of 
weighted differences between actual and 
planned process start times based on process 
durations defined by distribution functions. 
Policella (2005) inserts time slacks to simulate 
prolongations of processes. Policella defines a 
criterion labeled disruptibility, which is the sum 
of the number of changes triggered by a 
prolongation in relation to the length of the 
inserted time slack. The smaller the sum, the 
less processes are disrupted by the considered 
prolongation. Chanas und Zielinski (2001) 
define a criticality index based on fuzzy process 
durations. The index measures the probability 
for a path to become the critical path.  

The above described criteria illustrate that 
robustness has manifold aspects. The sum of 
weighted differences between actual and 
planned start times gives an idea of the 
reliability of start times, which is important for 
reliable scheduling, but does not necessarily 
provide conclusions on deadlines and 
makespans. The disruptibility proposed by 
Policella reflects the problem of chain reactions 
caused by the prolongation of one process, but 
does not give any information about the timely 
shift caused by the prolongation considered. 
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Therefore, robustness cannot be assessed by one 
general criterion; rather, a specific criterion 
must be defined for a specific aspect of 
robustness. The criterion, which allows 
quantifying schedule robustness, can be used to 
optimize schedule robustness. For example, 
Seveaux and Sörensen (2002) and Sörensen and 
Seveaux (2009) use such a criterion as robust 
evaluation function within a genetic algorithm 
and apply the optimization algorithm to a single 
machine problem and a vehicle routing 
problem. Both problems require the 
identification of the optimal order of processes 
without processes running in parallel. However, 
in construction scheduling the order of 
processes is mainly predefined and many 
processes are running in parallel. König (2011) 
combines three different criteria to assess the 
robustness of construction schedules calculated 
by a constraint-based simulation approach. A 
set of Pareto optimal solutions is determined by 
applying the evolution strategy optimization 
technique.  

From the different approaches found in the 
literature, it can be concluded that robust 
scheduling requires a specific robustness 
criterion and, depending on the context, a 
specifically adapted optimization method. 
Whereas robust scheduling usually searches for 
the optimal order of processes, the presented 
work investigates the potential of alternatives 
of processes and their combinations to improve 
the robustness of a schedule. 

3 Assessment and optimization of 
construction schedules 
This work investigates the assessment and 
optimization of the robustness of construction 
schedules. Herein, schedule robustness is 
defined as insensitiveness of deadlines and 
makespans against the impact of variable 
process durations. It is assumed that  

(i) the order of tasks is fixed and  
(ii) for some tasks there is an option to 

choose between two or more alternative 
processes. 

The improvement of the robustness is 
achieved by calculating the most robust 
combination of processes among the alternative 
processes. In this study, a model is developed 
that represents a schedule with alternative 
processes and variable process durations. 
Furthermore, a criterion is defined that 
quantifies the impact of variable process 
durations on deadlines and makespans. The 

most robust combination of processes is then 
determined through an optimization algorithm. 

3.1 Modelling a schedule with uncertainties 
and alternative processes 
The schedule is represented by a simple, 
directed graph  

,  (1) 

where the set of vertices  is a set of  events  

	 , , …  (2) 

and the set of edges  is a set of  tasks 

	 , , …  (3) 

The tasks describe the process transforming the 
as-is state, described in the corresponding start 
event, into a target state, described in the 
corresponding end event. For a task ti, two or 
more alternative processes may exist, resulting 
in a set of processes P for each task ti: 

	 , , …	  (4) 

The graph Gtask 
therefore represents a set of 

graphs Gj
process 

,  (5) 

where P(cj) is a set of processes containing one 
process for each task and therefore representing 
one possible combination of processes chosen 
from the sets P(ti). The vector cj includes the 
indices cij identifying the specific process 

	for each task ti chosen from its set of 

alternatives processes P(ti). 

	 	 , , …	 , 			 ∈ 	 1, 2… 	  (6) 

	 , , …	 		 	 (7) 

Assuming that each of the n tasks has m 
alternative processes, the durations dij of all 
processes can be defined in a matrix D.  

	
⋯

⋮ ⋱ ⋮
⋯

     (8) 

To take into account uncertainties, all dij are 
assumed to be normally distributed random 
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variables. Each edge of a graph Gj
process is 

weighted by the duration of the represented 
process. 

3.2 Assessing the effect of variable 
process durations 
As has been elucidated in the previous section, 
the consequences of uncertainties in scheduling 
can be investigated in different respects. In this 
work, the focus is set on the impact of 
uncertainties on deadlines and makespans, 
because due dates are of high economic 
relevance in construction industry. To assess 
this effect, the makespan reflecting 
uncertainties, in the following labeled Munc, is 
compared with the makespan determined by 
assuming all input data being deterministic, in 
the following labeled reference makespan mref. 
The reference makespan mref is a discrete value, 
determined using process durations discretely 
defined by their most probable values, that 
corresponds to the makespan usually calculated 
in traditional approaches. For the computation 
of the distribution describing Munc, the model 
developed in this study considers uncertainties 
through variable process durations that are 
defined by normal distributions. The mean 
value μ of a distribution is set to the most 
probable value of the process duration. The 
standard deviation σ, defined by the project 
manager, reflects the magnitude of the risk of 
the process duration differing from its estimated 
value. Munc 

and mref are illustrated in Figure 1. 

It should be mentioned that only for 
schedules with a dominant critical path, the 
makespan mref is equal to the mean value μ of 
Munc. As soon as changes in process durations 
trigger changes of the critical path, μ will 
become larger than mref. The more susceptible a 
schedule is for changes in the critical path due 

to changes in process durations, the larger is 
the difference between μ and mref, and the less 
robust is the schedule. 

As discussed previously, calculating the 
makespan of a project based on stochastic 
process durations is not trivial. Common 
methods underestimate the mean value μ as 
well as the standard deviation σ of the 
distribution describing the makespan. These 
methods are therefore not appropriate for 
assessing the effect of uncertainties on the 
makespan. Hence, in this study a Monte Carlo 
simulation is used to determine the makespan. 
By randomly choosing discrete values for any 
process duration from the corresponding 
distribution, a certain number of possible 
scenarios is generated. Each scenario represents 
a discrete problem, for which the makespan is 
computed as the length of the longest path in 
the network plan. From a sufficiently large 
number of makespans, the distribution of Munc 
is calculated. 

With Munc 
and mref being determined, a 

criterion is defined to relate the value of mref to 
the distribution function describing Munc. The 
coefficient of variance σunc/μunc as a common 
expression of robustness is not suitable, because 
it would only involve mref in case mref is equal to 

μunc. As the equality of mref and μunc can 
generally not be expected, the value of the 95% 
quantile of Munc, Q95

unc, is calculated instead. 
The difference  

	 	  (9) 

quantifies the schedule robustness, as illustrated 
in Figure 1 and serves as the objective function 
in the optimization process. 

3.3 Optimization of schedule robustness 
Schedules with alternative processes for a 
certain number of tasks are optimized with 
respect to the robustness criterion developed 
above. Assuming that each of n tasks has m 
alternative processes results in m

n
 possible 

combinations of processes. Although in 
construction industry it is unrealistic that each 
task has two or more alternative processes, it 
would still be too time consuming to compute 
each possible combination in order to identify 
the most robust solution. Therefore, an 
optimization algorithm, more precisely a 
genetic algorithm, is applied to the problem of 
identifying the most robust combination of 
processes. A combination, defined in Eq. 7, 
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Figure 1: Distribution function of Munc 
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contains one process for each task, each process 
being chosen from the set of alternative 
processes available for the respective task. The 
n-dimensional vector c defined in Eq. 6 contains 
the indices of the chosen processes only. The i-
th element of c contains the index of the 
process chosen for task ti out of its set of 
alternative processes. In the context of a genetic 
algorithm, the vector c is an individual, the 
elements being its genes. A set of these vectors, 
generated by randomly choosing a process for 
each task, composes the initial population for 
the genetic algorithm. During the optimization, 
the robustness criterion defined in the previous 
section in Eq. (9) is used to evaluate the fitness 
of the individuals. The two fittest individuals 
are taken over to the next generation 
unchanged. Parents are chosen from the current 
generation to form the next generation by 
crossover and mutation processes. The selection 
of parents is random, but the fitter an individual 
is, the higher is its chance to be chosen as 
parent. In the crossover process, the decision, 
which gene is copied from which parent, is 
made randomly without changing their order. 
In the mutation process, the selection of genes 
that are mutated, is also made randomly. For 
each individual, the determination of the fitness 
value requires the computation of mref and Munc 
involving a Monte Carlo simulation for the 
calculation of M

unc
. 

Due to the characteristic of the problem, 
there can be several combinations of processes 
with rather similar robustness. Only the 
processes lying on the critical path affect the 
makespan and thus the robustness defined by 
the chosen criterion. However, vice versa it 
cannot be concluded that all processes not lying 
on a critical path can be exchanged by their 
alternative processes without changing the 
robustness, because processes, which have not 
been critical earlier, may become critical after 
change. Nevertheless, there might be certain 
constellations of processes, which result for 
some processes in a very low probability of 
lying on the critical path and influencing the 
robustness, regardless of the alternative 
processes chosen. As a consequence, 
consecutive optimization runs can result in 
different solutions with very similar fitness 
values. A set of these solutions can be 
determined through a repetitive application of 
the optimization algorithm when excluding in 
each run the solutions identified in the previous 
optimization runs. 

4 Case study 
To validate the method proposed in this work, 
several network plans have been tested within a 
case study. In the network plans, the order of 
tasks is predefined. For each task, alternative 
processes are available. The most robust 
combination of processes with respect to the 
robustness criterion defined in the previous 
section is identified. In this case study, the 
following simplifications are made:  

(i) the processes are assumed to be 
independent,  

(ii) the process durations are normally 
distributed, and  

(iii) each task has two alternative processes. 
Exemplarily, a network plan consisting of a 

set of tasks T = {t1,…, t12} and a set of events E = 
{e1,…, e9} is shown in Figure 2.  

In the given example, only two different 
distribution functions are provided for a total of 
24 different processes. All processes pi1 have a 
distribution function defined by μ1 and σ1, and 

all processes pi2 have a distribution function 
defined by μ2 and σ2, respectively. The values 
are given in Table 1. With σ2 < σ1, all pi2 are 
more robust than all pi1. The characteristics of 
the processes have been kept simple to 
demonstrate the importance of investigating 
not the robustness of separate processes but of 
their combination in the context of the 
considered schedule. 

 
Table 1: Mean values and standard deviations of 
process durations 

 Task t1 t2 …. t12 

P
i1
 μ1 in days 50 50 50 50 

σ1 in days 12 12 12 12 

P
i2
 μ2 in days 80 80 80 80 

σ2 in days 8 8 8 8 

Figure 2: Example network plan 
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Random combinations of processes are 

generated by randomly choosing one of the two 
alternative processes for each task. As described 
in the previous section, each combination is 
decoded by a vector. A set of such vectors 
defines the initial population for the genetic 
algorithm. As can be seen from the diagram in 
Figure 3, the genetic algorithm rather quickly 
reduces the value of the cost function.  

The best solution found for the example 
shown in Figure 2 is given by the vector c = (1, 
2, 1, 1, 2, 1, 1, 1, 2, 1, 2, 2, 2), denoting that for 
the tasks t1, t3, t4, t6, t7, t8 and t10 processes pi1 
are chosen, and that for the tasks t2, t5, t9, t11 and 
t12 processes pi2 are chosen. The fitness value of 
the solution is 56 days, the reference makespan 
mref = 320 days, the mean value μunc = 343 days, 
and the standard deviation σunc = 20 days. In 
Figure 4, the probability density functions of 
Munc, gained from Monte Carlo simulations, are 
depicted for three different combinations and 
the values mref, μunc and Q95 are highlighted. The 
first two combinations are calculated choosing 
for all processes the variant pi1, pi2 respectively. 
The third combination is the most robust 
solution found by the described algorithm. 

As discussed in the previous section, the 
defined robustness criterion takes into account 
the susceptibility of the schedule for changes in 
the critical path reflected by the difference 
between mref and μunc. The effect can be seen in 
the result, as the most robust combination is not 
generated by simply choosing for each task the 
most robust process from its set of alternative 
processes – in the example, this would be pi2 for 
all tasks, because all pi2 have a smaller standard 
deviation than their related pi1. 

 

 

μunc = 269 d 

σunc = 23 d 

mref = 200 d 

Q95 – mref = 107 d 

 

μunc = 413 d 

σunc = 15 d 

mref = 320 d 

Q95 – mref = 119 d 

 

μunc = 343 d 

σunc = 20 d 

mref = 320 d 

Q95 – mref = 56 d 

Figure 4: Results for three different combinations 

In summary, the optimization algorithm 
with the defined criterion leads to the desired 
result. It identifies the combination of processes 
whose stochastically determined makespan 
shows the smallest deviation from the 
deterministically determined makespan.  

5 Conclusions and outlook 
The paper has discussed the effects of 
uncertainties inherent in input data of 
construction schedules. A model, which takes 
into account uncertainties as well as alternative 
processes, has been developed as a basis for 
optimizing the schedule robustness by 
determining the most robust combination of 
alternative processes. By describing the process 
durations with distribution functions instead of 
discrete values, the uncertainties inherent in the 
input data are considered. For the 
determination of a project makespan based on 
stochastic process durations, a Monte Carlo 
simulation has been used. To assess the 
robustness, a criterion has been defined, which 
compares the makespan considering 
uncertainties with the makespan assuming 
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deterministic process durations. With a genetic 
algorithm, the most robust combination of 
alternative processes could be determined, as 
shown in a case study. 

 In conclusion, the case study has 
demonstrated the effectiveness of the proposed 
method. In future work, the method may be 
extended towards more general cases. 
Furthermore, the effect of correlations of 
processes as well as the effect of different 
stochastic distributions may be investigated. 
Additional attention should also be paid to the 
total length of the planned makespan m

ref
, 

aiming at a reasonable trade-off between 
minimizing m

ref
 and maximizing the schedule 

robustness, because both criteria may be in 
conflict. 
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