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Abstract
Construction project management is a complex process involving numerous resources and activities that present challenges 
to the scheduling of each activity. Effective scheduling is essential to the success of any construction project, but resource 
allocation conflicts present a significant challenge to construction managers. In this paper, a genetic algorithm (GA)-based 
construction schedule optimisation model is proposed that takes into account resource constraints such as construction 
activity, construction site, labour, machinery, and working hours for labour and machinery. The random schedule, which is 
created with many constraints and parameters, causes conflicts in its schedule and cannot be used directly. In this work, the 
genetic algorithm uses selection, mutation, and crossover processes to create a new conflict-free schedule until the desired 
fitness level is reached or the maximum number of iterations is completed. The proposed model is implemented in Python, 
and the conflict-free schedule is printed as a result. The novelty of this paper is an attempt to apply the job shop scheduling 
technique for conflict-free daily schedules in construction using GA. This algorithm can be adapted to optimise the construc-
tion schedule for any project, and it can incorporate additional factors that affect the construction schedule. Overall, this 
paper makes a valuable contribution to construction project management by presenting an effective optimisation model for 
construction project scheduling.
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Introduction

The construction industry faces numerous challenges, 
including cost overruns, delays, and low productivity. These 
challenges can be resolved to some degree using an opti-
mised schedule for construction activity. Scheduling is the 
development of a plan for the sequence of activities required 
to complete a construction project. The traditional method of 
manually scheduling construction projects is not only time 
consuming, but also prone to errors and inconsistencies 
(Toklu, 2002). For economical construction, it is necessary 
to optimise the schedule of construction activities.

Schedule optimisation helps to ensure that the right 
resources are available at the right time, reducing the risk 
of delays or downtime due to lack of resources. The com-
plexity of schedule optimisation increases with the size of 
the project and the constraints placed on resources such as 
labour and machinery. The execution of work during con-
struction is highly dependent on external factors such as 
resource availability. For more accurate planning and execu-
tion, it is imperative that you consider all these constraints 
when optimising the schedule. Sometimes, resources such 
as labour and machinery are used on multiple construction 
sites. In such cases, constraints arise due to the availability 
of resources. After understanding the importance of opti-
misation, you need to use an appropriate algorithm that will 
give better results considering all the constraints. The vari-
ous algorithms used for construction schedule optimisation 
can be divided into mathematical and heuristic optimisation 
approaches.
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Optimization based on a mathematical approach

A mathematical approach to optimising construction 
schedules involves using practical and experience-based 
methods to develop a schedule that balances time, cost, 
and resource constraints. This involves breaking the pro-
ject down into smaller components, identifying critical 
activities, and determining the best sequence of those 
activities to minimise delays and resource conflicts. CPM 
(critical path method) and PERT (programme evalua-
tion and review technique) are some of the widely used 
mathematical programming techniques for construction 
planning. These techniques are limited to deterministic 
scheduling problems and do not consider the uncertainty 
and randomness of construction projects.

Traditionally, construction scheduling has relied on 
the critical path method (CPM) or the programme evalu-
ation and review technique (PERT) to optimise project 
schedules. However, these techniques require knowledge 
of the sequence of activities and their interdependencies 
to produce an optimal schedule. For construction projects 
with a high degree of uncertainty or a lack of data, it can 
be difficult to establish the required relationships between 
activities.

Heuristic approach to optimisation

Heuristic methods have also been proposed for solving 
construction scheduling problems. Heuristic methods do 
not guarantee optimal solutions, but they are computation-
ally efficient and can deal with uncertain events (Zhou 
et al., 2013). Tabu search, simulated annealing, and ant 
colony optimisation are some of the most popular heuris-
tic methods used in construction planning (Dewantoro & 
Sihombing, 2019).

Recently, evolutionary algorithms have emerged as 
popular approaches to solve optimisation problems in 
construction management (Slowik and Kwasnicka, 2020). 
The genetic algorithm is one such evolutionary algorithm 
that has been used to optimise construction schedules 
(Faghihi et al., 2014). Metaheuristic methods commonly 
used for construction schedule optimisation include demo-
cratic particle swarm optimisation, charged system search, 
magnetic charged system search, force field optimisation, 
dolphin echolocation optimisation, colliding body optimi-
sation, and radiation optimisation (Kaveh, 2017; Kaveh, 
2021). Although each method has its strengths, genetic 
algorithms (GAs) are often considered the best choice for 
optimising construction schedules because they balance 
exploration and exploitation, take a population-based 
approach that allows simultaneous evaluation of multiple 
solutions, are flexible in dealing with different problem 
types and constraints, can be parallelized, and maintain 

solution diversity to prevent premature convergence. These 
characteristics make GAs very suitable for finding optimal 
or near-optimal schedules in construction projects. GA is 
based on the principle of natural selection (Albadr et al., 
2020) and survival of the fittest and can handle complex, 
nonlinear, and multi-objective optimisation problems.

GA-based models have been proposed for various plan-
ning problems in civil engineering, including resource con-
strained project scheduling (RCPS), time–cost trade-off, and 
multi-project scheduling (Xie et al., 2021). A multi-objective 
genetic algorithm is a powerful optimisation technique that 
aims to find a set of solutions that optimise multiple compet-
ing objectives simultaneously. It uses genetic operators such 
as selection, crossover, and mutation to iteratively evolve a 
population of proposed solutions and find a diverse and well-
distributed set of Pareto-optimal solutions. Mokhtarimousavi 
et al., 2015 proposes a three-objective mathematical model 
to solve the aircraft landing problem using the second ver-
sion of non-dominated sorting genetic algorithm (NSGA) 
for two groups of aircraft. Kaveh et al., 2022 introduces a 
fuzzy multi-mode resource optimisation model with discrete 
time–cost-resource constraint (F- MRC-DTCRO) that takes 
into account uncertainties in cost and allows trade-offs in 
time, cost, and resources whilst satisfying the project con-
straints. Kaveh et al., 2021 propose a multi-objective optimi-
sation model based on the non-dominated sorting differential 
evolution algorithm (NSDE-R) to consider multiple objec-
tives such as time, cost, resources, environmental impact, 
safety risks, and quality during construction. The GA-based 
models have shown promising results in optimising con-
struction schedules and in some cases have outperformed 
other optimisation techniques.

The genetic algorithm is an iterative process that starts 
with an initial population of potential solutions. The popu-
lation of solutions undergoes an evolution in which the fit-
ter solutions have a higher probability of being selected for 
reproduction. The evolution process involves selecting the 
fittest solutions, applying genetic operators such as crossover 
and mutation, and creating a new population of potential 
solutions. The genetic algorithm continues this iterative pro-
cess until a satisfactory solution is found or the maximum 
number of iterations is reached.

The genetic algorithm has several advantages over tra-
ditional optimisation approaches such as linear program-
ming and dynamic programming. The genetic algorithm 
is a global optimisation approach that searches the entire 
solution space for the optimal solution, whereas traditional 
optimisation approaches search a subset of the solution 
space. The genetic algorithm is also suitable for solv-
ing problems that require combinatorial optimisation, 
such as scheduling, and it does not require the problem 
to be convex or differentiable. It can also generate feasi-
ble schedules in real time without requiring a complete 
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understanding of the sequence of activities or their interde-
pendencies. In addition, the algorithm can adapt to unex-
pected changes in resource availability or site conditions.

Table 1 provides a detailed review of the literature in 
which the genetic algorithm has been used to optimise 
schedules in construction. Table 1 clearly shows that the 
genetic algorithm is widely used in automated construction 
schedule optimisation (ACS). ACS aims to optimise the 
allocation of resources, the sequencing of tasks, and the 
determination of project duration to minimise the total cost 
and duration of the project (Bagshaw, 2021). However, the 
effectiveness of ACS depends on the quality of input data 
and parameters used in the optimisation process (Fujisaku 
et al., 2021). The objective of this paper is to develop and 
validate a genetic algorithm-based ACS model that con-
siders various constraints and objectives of the construc-
tion project to produce a daily construction schedule. The 
methodology used for the optimisation is explained in the 
following sections.

Genetic algorithms (GA) are a type of optimisation 
algorithm based on the principles of natural selection and 
genetics. In construction schedule optimisation, GA involves 
creating a population of potential solutions, evaluating them 
against a fitness function, and then selecting the best solu-
tions for breeding and generating a new generation of solu-
tions. This process is repeated until a satisfactory solution 
is found. Hybrid genetic algorithms (HGA) combine the 
principles of GA with other optimisation techniques to cre-
ate a more powerful and effective optimisation approach. 
In the context of construction schedule optimisation, HGA 
may involve the use of other algorithms, such as simulated 
annealing or ant colony optimisation, in conjunction with 
GA to overcome its limitations. A key difference between 
GA and HGA is that HGA may be better suited for solving 
more complex optimisation problems that require a more 
sophisticated approach. For example, when optimising con-
struction schedules, HGA may be better suited for projects 
that involve multiple constraints and objectives because 

Table 1  Review of literature on genetic algorithm

Reference Factors considered for optimisation Algorithm Methodology

Agdas et al. (2018) Availability of resources, construction 
sequence, and duration of each activity

Not specified Genetic algorithm

Alcaraz and Maroto 
(2001)

Sequence of activities and allocation of 
resources

Not specified Genetic algorithm

Zhou et al. (2018) Stochastic nature of construction activities Modified particle swarm optimisation 
algorithm

Genetic algorithm

Bettemir et al. (2015) Resource-constrained project scheduling 
problem

Simulated annealing algorithm Hybrid genetic algorithm

Lotfi and Tavakkoli-
Moghaddam (2013) 

Precedence relationship Priority-based encoding scheme Genetic algorithm

Long et al. (2009) Critical path method Not specified Genetic algorithm
Kim et al. (2008) Resource-constrained project scheduling 

problem
Not specified Genetic algorithm

Wu et al. (2018) Not specified Particle swarm optimisation algorithm Hybrid genetic algorithm
Hamidinia et al. (2012) Dynamic programming approach Not specified Genetic algorithm
Kao and Zahara (2008)  Multi-mode resources Particle swarm optimisation algorithm Hybrid genetic algorithm
Song and Li (2022) Multi-objective optimisation Differential evolution algorithm Hybrid genetic algorithm
Madeira et al. (2005) Multiple constraints Multi-objective optimisation approach Genetic algorithm
Dang Quoc and Nguyen 

Doan (2022)
Resource-constrained project scheduling 

problem
Particle swarm optimisation algorithm Hybrid genetic algorithm

Katoch et al. (2021) Hybrid encoding scheme Not specified Genetic algorithm
Wang et al. (2022) Multiple objectives Multi-objective optimisation approach Genetic algorithm
Silva et al. (2022) Time and safety Bi-objective optimisation approach Hybrid genetic algorithm
Salama and Moselhi 

(2019)
Uncertainty of construction activities Multi-objective optimisation approach Genetic algorithm

Afshar et al. (2007) Trade-off between time, cost, and quality Multi-objective optimisation approach Genetic algorithm
Hamdi and Zaied 

(2019)
Resource allocation Particle swarm optimisation algorithm Hybrid genetic algorithm

Goncharov and Leonov 
(2017)

Resource-constrained project scheduling 
problem

Dynamic programming approach Genetic algorithm
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it can combine multiple optimisation techniques to find a 
better solution. Another important difference is that HGA 
requires more computational resources and expertise to 
implement because multiple optimisation techniques must 
be integrated into a single framework.

Methodology

The genetic algorithm works by generating a population of 
possible schedules, each represented as a chromosome, and 
then evaluating each chromosome to determine its fitness. 
In the case of the specific implementation, each chromo-
some represents a possible schedule of site activities. The 
fitness function is designed to evaluate how well the sched-
ule satisfies constraints such as the availability of labour and 
machinery and the duration of each activity. The genetic 
algorithm then applies genetic operations such as selection, 
crossover, and mutation to evolve the population of sched-
ules and improve the fitness of the best individuals. Figure 1 
illustrates the methodology of the proposed blueprint opti-
misation model.

Process in GA to optimise the construction schedule

The proposed approach to optimising the construction 
schedule using a genetic algorithm can be described in the 
following steps:

Collecting the input data: The input data for construction 
schedule optimisation should include information such as 
the name of the activity, the duration, the available resources 
such as machines and labour, and the resource allocation 
constraints such as the maximum working time for each 

labourer and machine and the availability of a given resource 
for a given time.

Initialisation: In this step, an initial population of sched-
ules is created. Each schedule consists of a sequence of 
classes, where each class represents a particular activity to 
be scheduled along with the resources required for the activ-
ity. The size of the population is a parameter that can be set 
depending on the size of the problem.

Fitness evaluation: In this step, the fitness of each plan 
is evaluated against the objective function. The objective 
function aims to fit the activities into the allowable dura-
tion of the project whilst meeting the resource allocation 
constraints.

Selection: Selection selects the fittest schedules from the 
population to create a new population for the next genera-
tion. In this paper, tournament selection is used, where a ran-
dom subset of schedules is selected and the fittest amongst 
them is chosen.

Crossover: In this step, the selected schedules are com-
bined to create a new population. To do this, two sched-
ules are taken, and a new schedule is created by combining 
parts of both schedules. In this work, a one-point crossover 
is used, where a random point in the schedule is selected 
and the schedules are split at that point. The first part of 
one schedule is combined with the second part of the other 
schedule to create a new schedule.

Mutation: In this step, the new population is randomly 
mutated to introduce diversity into the population. In this 
work, the mutation rate is a parameter that can be set accord-
ing to the problem. In mutation, two classes are swapped in 
the schedule.

Elitism: In this step, the best schedules of the current 
population are directly transferred to the next generation 
without any changes. This ensures that the best schedules 
are preserved.

Termination: The algorithm terminates when a stopping 
criterion is met. This can be a maximum number of itera-
tions or a minimum fitness value. The algorithm runs for a 
fixed number of iterations, and the best schedule is returned 
as the optimal schedule.

Implementation of the genetic algorithm

The Python for optimising the construction schedule, the 
classes for representing the entities involved in the con-
struction project can be found in Appendix A. These classes 
include data, schedule, class, machine, labour name, labour 
working hour, activity, and construction site. The detailed 
function of each class is explained below.

The Python code begins by importing the prettyTable(a 
module in python) and random modules, which are used 
to display the results and generate random numbers, 

Fig. 1  Methodology flow chart for construction schedule optimisation 
model
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respectively. The code then defines the global variables 
for the population size, number of elite schedules, tourna-
ment selection size, and mutation rate. These variables 
are used by the genetic algorithm to create the initial 
population, select the best schedules, and create a new 
schedule that has no schedule conflict.
The data class is then defined, which initialises the enti-
ties involved in the construction project. The class initial-
ises the machines, labour working hours, labour names, 
and activities, and stores them in the appropriate lists. 
The sites are also initialised in this class, which represent 
the different construction sites in the project.
The schedule class is then defined, which represents a 
particular schedule for the project. The class initialises 
the classes, number of conflicts, fitness, and class num-
ber. The class also defines the methods for getting the 
classes, the number of conflicts, and fitness. The initialise 
method is used to create a new schedule, which assigns 
the resources to the activities randomly. The fitness of a 
schedule which represents the number of conflicts in the 
schedule is calculated. The fitness is calculated by check-
ing if the machines and labour are available during the 
scheduled time of the activity.
The class is then defined, which represents a class of 
activities. The class initialises the class number, con-
struction site, activity, machine, labour name, and labour 
working hour. The class also defines the methods for get-
ting and setting the construction site, activity, machine, 
labour name, and labour working hour.
The machine class is then defined, which represents a 
machine. The class initialises the machine name and 
working time. The class also defines the methods for get-
ting and setting the working time.
The labourname class is then defined, which represents 
a labour name. The class initialises the labour name and 
defines the method for getting the labour name.
The labourworkinghour class is then defined, which 
represents a labour working hour. The class initialises 
the shift and working hours. The class also defines the 
method for getting the shift and working hours.
The activity class is then defined, which represents an 
activity. The class initialises the activity number, activity 
name, labour, and duration.
Once the classes are sorted by fitness, the best schedules 
are selected as elite schedules. The function breedpopu-
lation uses the elite schedules and a selection process to 
create a new population of schedules. The new population 
is created by generating random indexes and selecting the 
schedules corresponding to those indexes for a tourna-
ment selection process. The number of schedules selected 
is determined by thetournamentselectionsize constant, 
and the best schedule from the selected schedules is 
added to the new population. The process is repeated until 

the new population is the same size as the old popula-
tion. Once the new population is created, the function 
mutatepopulation is called to mutate the schedules in the 
new population. The mutation process randomly selects 
schedules and changes the values of their classes. The 
number of schedules selected for mutation is determined 
by the mutationrate constant.
The mutatepopulation function selects a random sched-
ule from the population and selects a random class from 
the schedule. The values for the class are then randomly 
changed, including the machine, labour, and working 
hours. The crossoverpopulation function is called to 
create a new population by breeding schedules from the 
current population. The function selects a random sched-
ule from the population and creates a new schedule by 
selecting classes from the selected schedule and another 
random schedule. The function then replaces the least fit 
schedule in the current population with the new schedule. 
The process is repeated until the desired number of new 
schedules is created.
Finally, the printschedule function is called to print out 
the best schedule. This function creates a prettyTable 
object and populates it with the data for the schedule. The 
function prints out the table containing the new schedule 
with 0 conflicts (elite schedule) to the console.

The detailed conceptual implementation of a genetic 
algorithm to create a model to optimise the construction 
schedule is discussed in this section. As an example, the 
construction of a precast bridge is considered. This genetic 
algorithm model takes the inputs of activity, duration, con-
struction sites, labour name, labour time (shift-based), con-
struction site, machines, shift times, and machine labour 
time. The data used for optimisation are listed in Table 2 
through Table 6. In Table 2, there are three construction 
sites, namely construction site 1, construction site 2, and 
construction site 3. In construction site 1, driving activities, 
pile caps, and piers are performed. In site 2, the activities 
are pier and pier cap and in site 3, the activities are pier, 
pier cap and girder erection. A separate ID was assigned 
for each activity and the details are shown in Table 3. The 
duration of each activity and the assigned labour are also 
listed. Assigning a specific labour for each activity helps in 
assigning labour with specific skills to perform the activity. 

Table 2  Work at different construction site considered for optimisa-
tion

Construction site Activity

Site1 Piling, pile cap, pier
Site 2 Pier, pier cap
Site 3 Pier cap, girder erection, pier
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Table 4 lists the machines and the available labour time for 
the machines. In Table 5, the shifts and shift times are con-
sidered. For example, shift 1 is from 9:00 to 12:00.

Results and discussion

Schedule optimisation is performed to reduce the number 
of conflict points to zero. Table 6 shows the random sched-
ule created for the first iteration. Since the created sched-
ule (Table 6) is random, there will be problems, practical 

difficulties in execution or inconsistencies in the schedule, 
which are referred to here as conflict. Table 6 and Table 7 
contain data such as the fitness and the number of conflicts, 
followed by the summary of the schedule, which contains the 
random assignment of the site, the machine and the working 
hours. For example, in Table 6, machine M3 is assigned to 
activity B and activity D for the same shift 2, which is not 
feasible because the machine cannot be used on both sites 
at the same time. Such conflicts are counted and displayed. 
To resolve the conflicts described above, a genetic algorithm 
is implemented, and the schedule is repeatedly created so 
that there is no conflict in the displayed schedule. This new 
schedule is conflict free and can be used for execution. It is 
considered as an elite schedule, as shown in Table 7. In this 
case, 76 iterations were required to achieve conflict free.

Conclusion

Implementing genetic algorithms provides a flexible and 
scalable approach to optimising complex scheduling prob-
lems in real-world applications, such as construction project 
management. By leveraging the principles of natural selec-
tion and evolution, genetic algorithms can provide efficient 
and effective solutions to complex scheduling problems, 
leading to higher productivity and thus lower costs and bet-
ter project outcomes.

The proposed algorithm uses a set of data classes that 
represent the construction site, activity, labour and machine. 
These classes are used to create a schedule, which is then 
tested for its fitness based on a set of constraints, including 
resource allocation constraints. The algorithm evolves the 
population of schedules over time using selection, crossover 
and mutation operations to produce the best schedule.

After testing the proposed algorithm with a sample 
dataset, the results show that it is an effective method for 
optimising construction schedules. The algorithm was able 
to generate a conflict-free schedule that maximises the use 
of resources in the given time frame.

Table 3  Data on activity, duration and labour details

Id Activity Duration Labour name

A Piling 8 [L1-Labour 1],[L2-Labour 2]
B Pile cap 7 ['L1','Labour1'],['L2','Labour 

2'],['L3','Labour 3']
C Pier 6 [L1-Labour 1],[L2-Labour 2]
D Pier cap 7 [L3-Labour 3],[L2-Labour 2]
E Girder erection 8 [L4-Labour 3]
F Deck slab 6 [L1-Labour 1],[L3-Labour 3]

Table 4  Machine and machine 
working time considered for 
optimisation

Machine Machine 
working 
time

M1 8
M2 7
M3 5

Table 5  Shift wise labour 
working hour

Id Labour working hour

SHIFT 1 9:00—12:00
SHIFT 2 12:00—3:00
SHIFT 3 3:00—6:00
SHIFT 4 6:00—9:00

Table 6  Generation 0—schedule (with conflicts)

Class Construction Site Activity (number, duration) Machines (working 
time)

Labour (Id) Labour working hours

1 Site 1 Piling (A, 8) M1 (8) Labour 2 (L2) 9:00–12:00 (SHIFT1)
2 Site 1 Pile cap (B, 7) M2 (7) Labour 3 (L4) 12:00–3:00 (SHIFT2)
3 Site 1 Pier (C, 6) M3 (5) Labour 1 (L1) 3:00–6:00 (SHIFT3)
4 Site 2 Pier (C, 6) M1 (8) Labour 1 (L1) 6:00–9:00 (SHIFT4)
5 Site 2 Pier cap (D, 7) M2 (7) Labour 3 (L4) 6:00–9:00 (SHIFT4)
6 Site 3 Pier cap (D, 7) M3 (5) Labour 1 (L1) 12:00–3:00 (SHIFT2)
7 Site 3 Girder erection (E, 8) M3 (5) Labour 2 (L2) 3:00–6:00 (SHIFT3)
8 Site 3 Pier (C, 6) M2 (7) Labour 3 (L4) 9:00–12:00 (SHIFT1)
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This model can be used in the real world specifically in 
construction project management where many activities 
need to be efficiently scheduled within a given time frame 
and with limited resources such as labour and machinery.

The algorithm is easy to implement and can be extended 
to solve more complex construction scheduling problems. 
It is an open-source implementation that can be adapted 
to any construction project.

In summary, the genetic algorithm is a promising 
approach for optimising construction schedules and its 
implementation in Python provides an efficient and easy-
to-use tool for construction managers. This algorithm pro-
vides a platform for better project management decisions 
and can help construction managers save time and reduce 
costs by utilising resources effectively.

The future of optimising construction schedules with 
genetic algorithms is promising. Real-time optimisation, 
collaborative optimisation techniques, and integration 
with BIM models can improve construction schedules. 
Genetic algorithms can also optimise schedules under 
uncertainty. However, the challenges are in problem for-
mulation, exploring a complex search space, developing an 
accurate fitness function, and accounting for stakeholder 
uncertainty and preferences. Effective communication and 
collaboration are essential for successful implementation 
and widespread application in the construction industry.

Appendix A

Pseudocode for the proposed model

• Define the necessary classes and their attributes for the 
scheduling problem, including the data, class, activity, 
constructionsite, machine, and labour classes.

• Create a schedule class to represent a schedule and ini-
tialise its attributes such as classes, numberofConflicts, 
fitness, classNumb, and is FitnessChanged.

• Create a data class that initialises the machine, labour-
workinghour, labourname, activity, and sites required 
for the scheduling problem.

• Define helper functions for the schedule class, such as 
getclasses, getnumb of conflicts, and getfitness.

• Implement the initialise function of the schedule class, 
which initialises the classes in the schedule, the cor-
responding construction site, and the activity.

• Implement the calculatefitness function of the schedule 
class, which calculates the fitness of the schedule by 
checking the conflicts between classes.

• Implement the genetic algorithm, which creates an 
initial population of schedules, and selects the elite 
schedules, crossover and mutation of the population to 
generate new schedules.

• Evaluate the fitness of the new schedules and repeat 
steps 7 and 8 until the termination condition is met.

• Return the best schedule as output.
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