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Abstract 
Building Information Modelling (BIM) plays a crucial role in modern construction by integrating data modelling with 
virtual representations, enabling efficient collaboration between real-world construction elements and their digital 
counterparts. This paper proposes an automated resource allocation framework for BIM-based systems, utilizing the 
combined power of the Artificial Bee Colony (ABC) and Whale Optimization Algorithm (WOA) to optimize resource 
distribution. The study explores the configuration of BIM-based systems and collaboration platforms, emphasizing how 
these technologies improve the allocation of resources in construction projects. We delve into the operational 
mechanism of the proposed system, which leverages the ABC-WOA optimization technique to enhance decision-
making in resource allocation. Results indicate that the proposed system significantly improves the efficiency of resource 
utilization, reduces overall construction costs, and accelerates project timelines by streamlining resource management 
processes. The system contributes to the creation of an integrated, data-driven environment that fosters better 
construction practices and ensures optimal allocation of resources, leading to increased productivity, reduced costs, and 
improved project outcomes. 
Keywords: Building Information Modelling (BIM), resource allocation, ABC-WOA optimization, automation 
system, construction efficiency, collaboration platform, construction management, optimization technique, 
productivity, cost reduction. 
 
INTRODUCTION 
Smart construction denotes the use of new technology and intelligent systems inside the construction 
process, with the objective of improving efficiency, precision, and coordination. It conceptually includes 
domains such as intelligent design, intelligent construction sites, and intelligent management. Intelligent 
design emphasizes the design phase, while intelligent construction sites address on-site operations[1]. 
Intelligent management, conversely, pertains to the administration of construction firms, management 
entities, and governmental oversight. The involvement of several subcontracting units in smart 
construction projects complicates coordination among all parties. An automated system is vital to oversee 
key project modules like contracting technology, quality control, safety, progress monitoring, and 
manufacturing[2].Building Information Modelling (BIM) is integral to smart construction, since it 
generates digital representations of real structures derived from data across several development phases. 
BIM facilitates the whole project lifecycle—from planning and design to construction, operation, and 
maintenance—thereby enhancing production efficiency, minimizing costs, and expediting project 
schedules[3]. The amalgamation of BIM with a collaborative platform enhances oversight of personnel, 
machinery, materials, methodologies, and the environment, facilitating effective data collection and 
information consolidation. This integration merges virtual and real construction, offering useful data 
analysis for decision-making in engineering construction.Although the use of BIM technology has 
improved information transfer between design and construction stages, a disparity persists in the 
application of design information throughout the production of components and equipment[4]. The use 
of intelligent construction technology in operations remains insufficiently investigated. With the rising 
use of BIM in new infrastructure projects, there is an increasing need for standardized intelligent 
construction systems that integrate design, production, construction, and operational processes. This 
article examines the creation of an intelligent construction technology application system that 
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encompasses the whole lifetime of infrastructure projects.This research presents several contributions to 
the amalgamation of BIM with automation technologies in intelligent construction. It presents the 
organizational structures and assessment criteria of collaboration platforms, as well as the information 
sharing and authority governance of BIM technology. Additionally, it examines the standardization of 
intelligent building information resources and the integration of construction processes with 
management systems. This study presents a framework for an automated system in smart construction, 
using the ABC-WOA optimization method for resource allocation. A case study and results analysis are 
presented, together with a comprehensive discussion of the system's setup and operational procedures. 
The suggested automation system facilitates the fast building of large-scale projects while ensuring the 
accurate integration of multi-source data, promoting a collaborative, data-driven digital environment for 
construction management. 
Organization of the paper 
The rest of the paper is organised as follows: Section 2 summarizes the literature review. Section 3 presents 
the methodology. Section 4 explains the results and finally section 5 concludes the paper.  
1 Literature Review 
[5] provided the uses of Building Information Modelling (BIM) is influencing the planning, design, 
execution, and operation of building projects. BIM offers an appropriate framework to facilitate the 
decision-making process by consolidating essential information timely and elucidating details and existing 
conditions. This study evaluates the effectiveness of metaheuristic algorithms in achieving optimal 
solutions in the construction sector, focusing on site layout design, and their application in BIM-based 
decision-making, a field known for knowledge optimization.Construction scheduling is a complex process 
that requires population-based optimization algorithms like evolutionary algorithms. [6] examined the 
potential of integrating BIM with Multi-Objective Optimization (MOO) algorithms to improve decision-
making in construction design and management. A literature review provides insights on multi-objective 
optimization approaches and BIM-based optimization models, emphasizing the potential of combining 
BIM with optimization tools for a more effective and robust construction process. [7] BIM plays a crucial 
role in planning, designing, executing, and operating construction projects. This paper focused on 
optimizing the survival pyramid (time, cost, quality, and risk) in construction projects using five different 
modes: contractor's offers, BIM, actual, and expert opinions. Five meta-heuristic optimization algorithms 
were used, including two classical algorithms and three novel ones. Results were obtained in five scenarios 
based on function evaluation, standard deviation, computation time, and best cost. MATLAB software 
was used for coding. [8] presented a framework for resource trade-offs in project scheduling using Building 
Information modelling (BIM) methodology and metaheuristic algorithms. The Fire Hawk Optimizer 
(FHO) algorithm is used to create a 3D model of construction, aiming to maximize quality while 
minimizing time, cost, risk, and CO2 in the project. The FHO algorithm's capability to solve optimization 
problems is assessed, proving its ability to produce competitive and exceptional outcomes in balancing 
various resource options in projects.[9]provided a comprehensive framework for BIM-based performance 
optimization aimed at reducing energy consumption while enhancing efficient daylighting levels in 
residential buildings. [10] sought to investigate the influence of BIM on the management and reduction 
of change orders in off-site construction by enhancing design via visualization during the planning phase. 
[11] examined the 6–9 percent variance in quantities derived from various building interior components 
to enhance the precision of cost estimations with BIM.[12]BIM is a faster and more reliable method for 
quantity take-off, but its quality affects the accuracy of extracted quantities. Incomplete details and 
inappropriate modelling methods can cause deviations in extracted quantities, especially for compound 
elements like walls and floors. This study proposes a method called the "BIM-based compound element 
quantity take-off improvement" (BCEQTI) method to improve the accuracy of extracted quantities of 
incomplete or incorrect compound elements from BIM models.[13] presented an overlapping 
optimization algorithm for compressing construction project schedules by identifying an optimal 
overlapping strategy with exact overlap rates and generating the required duration at the minimum cost. 
The method uses an overlapping strategy matrix (OSM) to illustrate dependency relationships between 
activities and optimizes the genetic algorithm (GA) to compute an overlapping strategy with exact overlap 
rates. The paper proposes an integrated framework of genetic algorithm and BIM to prove the practical 
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feasibility of theoretical research. [14] Dam construction projects are complex, large, and heavy projects 
worldwide, requiring significant resource management and trade-offs. This study proposed a framework 
for resource trade-offs in dam construction projects using Atomic Orbital Search (AOS), a metaheuristic 
algorithm based on quantum mechanics principles. The AOS algorithm is compared with four other 
metaheuristic algorithms, and 30 optimization runs are conducted. The results show AOS can deliver 
competitive results in handling resource trade-offs in dam construction.[15]proposed a workflow for 
optimizing spatial trusses using visual programming, numerical structural analysis, and metaheuristic AI 
methods, utilizing Dynamo's parametric trusses, Robot Structural Analysis software, and metaheuristic 
algorithms. Results were compared using Genetic Algorithm (GA) and Particle Swarm Optimization 
(PSO) and constraint handling techniques (CHT) like the penalty function method and separation 
technique. The GA combined with the penalty method yielded the best results, with results within 12% 
of the best reported in the literature.[16] The Wolf-Bird Optimizer (WBO) is a metaheuristic algorithm 
inspired by the wolf-bird relationship in the animal kingdom. It considers the intelligence of ravens in 
finding prey and sending signals to wolves for assistance in hunting. The WBO is used in project 
scheduling to analyse resource trade-offs using metaheuristic algorithms and the BIM approach. The 
algorithm's effectiveness is emphasized through statistical analysis and inferential statistical methods.[17] 
developed a framework for project managers to balance resource factors like time, cost, quality, safety, 
and environment in project scheduling. It uses BIM, multi-objective optimization (MOO), and multi-
criteria decision-making (MCDM). A 3D model is created using BIM software, and a multiple-objective 
forensic-based investigation (MOFBI) is introduced for optimal solution set. The framework is tested on 
three scheduling problems, showing efficiency and effectiveness, with MOFBI achieving high uniform 
distribution of solutions and visual analytics.[18] proposed a practical approach to designing 
environmentally responsive building façades by integrating on-site sensors, building performance 
simulation, machine-learning, and 3D geometry modelling. The proposed hybrid optimization algorithm, 
tabu-based adaptive pattern search simulated annealing (T-APSSA), improves efficiency and supports 
rapid BPS and digital prototyping.[19] Green building information modelling technology is gaining 
attention in sustainable engineering due to its potential to reduce material waste, improve construction, 
and promote urban sustainability. A sustainability analysis using Autodesk Revit and Green Building 
Studio software showed that lighting efficiency improvement reduces energy demand and carbon 
emissions. Hybrid metaheuristic optimization and multi-objective evolutionary algorithms are proposed 
for sustainable building design.[20] proposed a method combining BIM and IoT technology to improve 
daily management of engineering materials and equipment in construction projects. Cost management 
is crucial in the construction industry, as building materials account for 70% of total project costs. The 
paper analyses the advantages of BIM and IoT technology in material management and focuses on the 
effectiveness of practical application of these technologies in construction projects.[21] Bridge 
construction contributes significantly to the global greenhouse effect, with prefabricated reinforced 
concrete (RC) T-beams being a crucial structural element in various projects. The study presents a bridge 
structural optimization framework using BIM and two-stage metaheuristic searching (MS) to reduce 
carbon emissions from prefabricated RC T-beams. The first stage optimizes longitudinal steel section size 
and area, while the second stage focuses on achieving the optimal combination of rebar diameters. The 
framework's performance is demonstrated through an illustrative example.[22] examines the Yuanchen 
Expressway, highlighting the unique use of BIM technology in holistic construction management. This 
study utilizes a comprehensive BIM model and a multi-tiered digital management platform to effectively 
tackle construction challenges across various tunnels, bridges, and intricate interchanges, thereby realizing 
intelligent construction innovation along the Yuanchen Expressway through BIM technology. This article 
presents a notable instance of full-line construction management using BIM technology in the highway 
industry.In addition, [23] explored the integration of GIS-BIM technology in construction management, 
focusing on its potential applications in scheduling, site material management, and safety management. 
It also explores the trend of using emerging technologies like the Internet of Things and virtual reality in 
building construction management, aiming to promote intelligent and visual management development 
in this field.[24] examined five principal dimensions of students' perceptions regarding a BIM application: 
(1) the origin of BIM knowledge; (2) perceptions of BIM software applications alongside competency 



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 12s,2025 
https://theaspd.com/index.php 

64 
 

levels; (3) awareness of BIM's relevance for employment in the construction sector; (4) perceptions of 
BIM-related careers; (5) the significance of BIM education within the Construction Management degree 
program and undergraduate capstone projects. The study from the student viewpoint examine 
perspectives of BIM implementation, particularly the views of construction management students toward 
BIM, and will facilitate the incorporation of industry input into the curriculum. [25] Construction 
management relies heavily on large volumes of data for efficient project delivery. However, access to key 
data remains a challenge due to implementation challenges. The Architectural, Engineering, and 
Construction (AEC) industry has been slow to adopt modern management concepts and technologies. 
This research critically reviews the challenges faced by conventional construction management and 
decision-making solutions, focusing on schedule, cost, quality, and safety management. [26] Investigated 
the potential value and practical utility of BIM-AI integration in driving the construction industry towards 
automation and digitalization. It provides insights into the status quo and future trends for leveraging AI 
throughout a BIM-enabled project lifecycle. Key keywords in recent years include deep learning, internet 
of things, and digital twin, indicating AI's evolving role as the next frontier in traditional civil engineering. 
1.1 Research Gap 
Despite the substantial progress in the integration of BIM with metaheuristic algorithms for construction 
scheduling and optimization; yet, many research deficiencies remain. Although numerous studies 
examine the integration of BIM with multi-objective optimization (MOO) methodologies, resource trade-
offs, and sustainability (e.g., CO2 reduction and energy efficiency), insufficient emphasis has been placed 
on creating universally adaptable frameworks that tackle the distinct complexities of various project types, 
including large-scale infrastructure, residential, and green buildings. Current research often depends on 
certain algorithms or tools, like Genetic Algorithms (GA), Fire Hawk Optimizer (FHO), and Atomic 
Orbital Search (AOS); nevertheless, comparable evaluations of these algorithms across various building 
settings are limited. The use of new technologies like as IoT, AI, and digital twins in BIM-based 
optimization remains little examined, despite its capacity to improve decision-making and automation. 
Furthermore, practical obstacles, like data quality, interoperability, and the scalability of BIM models, 
remain inadequately addressed, impeding the actual implementation of these frameworks. Additionally, 
these gaps underscore the need for a more comprehensive, flexible, and multidisciplinary strategy to 
properly use BIM and metaheuristic algorithms in construction scheduling. 
2 METHODOLOGY 
2.1 Framework for Resource Tradeoff 
The framework consists of three modules: (1) initialization and decision variables, (2) BIM, and (3) 
Artificial Bee Colony Optimization- Whale Optimization Algorithm (ABC-WOA). This study's findings 
may assist construction project managers quickly and accurately compute project timelines throughout 
implementation.  
2.1.1 Initialization and Decision Variables 
An optimization problem seeks to find the optimum solution among all available choices. A typical 
optimization issue is as follows:  
A function f: B → R connects a set B to the real numbers. 
An element x0 ∈ B such that f(x0) ≤ f(x) for all x ∈ B (minimization problem) or f(x0) ≥ f(x) for all x ∈ B 
(maximization problem). 
B is a subset of Euclidean space with specific constraints, equality criteria, or inequalities for its members 
to meet. The components of B are referred to as candidate solutions or viable solutions, whereas the 
domain B represents the search space or option set for f. Function f is referred to as the "objective 
function". An optimum solution is one that reduces or maximizes the objective function, depending on 
the purpose [27]. This study uses the BIM model to import project data for all 38 activities. The activity-
on-node (AON) diagram for a building project consists of M nodes and the links between the activities. 
There are several execution choices for each action, each with unique time, cost, quality, risk, and carbon 
dioxide emissions based on available resources, technology, and equipment. The TCRQC tradeoff 
problem optimization technique prioritizes minimizing project time, cost, risk, and carbon dioxide 
emissions while optimizing project quality by selecting the optimal execution option for all activities. The 
primary goal of Equation (1) is to reduce project time. 



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 12s,2025 
https://theaspd.com/index.php 

65 
 

min(max( )) min(max( )); 1,...,p i i iT ST D FT i M= + = =    (1) 

In a project schedule, Di represents the length of each activity, STi and FTi represent the start and 
completion periods, and M represents the total number of nodes[17]. A project's total cost includes direct 
(DC), indirect (IC), and delay costs (TC). This research focuses on direct, indirect, and delay expenses, 
rather than the total project cost, which may be calculated using other methods. The aim function is to 
minimize project costs, as shown in Equation (2). 
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In this equation, TCp represents the overall project cost, whereas Dj
Ci and Ij

Ci represent the direct and 
indirect costs for the jth execution mode of the ith activity. TC is the tardiness cost. T0 represents the 
project's contractual term, C1 represents the compensation for early completion, and T represents the 
entire project duration[28] [29]. The quality of a project is measured by adding the quality of each activity, 
since resources may include supplies, equipment, and labor. Extending the duration of activities enhances 
quality, however beyond a certain threshold may reduce quality. Equation (6) [29] calculates the quality 
performance index (QPIi) for each activity. 

2

i i i i i iQPI a t b t c= + +        (6) 

The quadratic function for BD determines the coefficients ai, bi, and ci, with ti representing the time of 
activity (Figure 1). LD, BD, and SD represent the longest, best, and shortest durations, respectively. 
However, BD is determined using Equation (7). Equation (8) defines the goal function for quality as 
follows: 

0.613( )BD SD LD SD= + −       (7) 

1

max
M

i

i

QPI
Q

M=

=        (8) 

 
Figure 1 “Quality performance index (QPI)” 
However, certain resources may have a detrimental influence on the environment during project 
development due to CO2 emissions. During on-site construction, CO2 emissions may come from both 
energy usage and fuel burning, as well as the manufacture and transportation of building supplies. To 
decrease CO2 emissions, it's important to use ecologically friendly products and transport them efficiently. 
Equation (9) may be used to compute the goal function of minimizing overall CO2 emissions in a project. 
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where CE represents the project's total CO2 emissions. Edij and Einij represent the project's direct and 
indirect CO2 emissions, respectively. Qed displays an activity's power usage.  Qdd displays an activity's diesel 
consumption, Qij shows material k consumption, and Qek shows electricity consumption for material k 
transportation. Qdk represents the fuel consumption for transporting item k during an operation. Fe, Fd, 
and Fj represent the carbon emission factor (CEF) per unit of energy, fuel consumption, and material 
production, respectively. The project's risk is mostly defined by its circumstances, delivery mechanisms, 
and contractual stipulations. A "risk value" is a function that considers both the project's overall float and 
resource volatility. Using float for noncritical tasks with considerable temporal uncertainty may lead to 
project risk and schedule overruns. Construction managers must adapt schedules to prevent 
unanticipated resource changes during project execution. Allowing non-critical activities to float may lead 
to better resource utilization[30] [31] [32]. Equation (10) is the sixth objective function for risk. 
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In this equation, TFc and TFmax reflect the project's total current float and flexible scheduling float, 
respectively. R represents the uniform resource level, Rt represents the resources needed on day t, and wi 
indicates weights. Equation (11) evaluates the ABC-WOA algorithm's capacity to balance time, cost, 
quality, risk, and CO2 (All) trade-offs concurrently. 
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The optimization issue outlined in the previous paragraph poses a multifaceted task that necessitates the 
equilibrium of many objectives—time, money, quality, risk, and CO2 emissions—throughout all project 
operations. The objective is to determine the optimal execution strategies for each activity that reduce 
project duration, expenses, risk, and CO2 emissions while enhancing quality. This work addresses the 
multi-objective optimization issue by using a hybrid algorithm that integrates the Artificial Bee Colony 
(ABC) and Whale Optimization Algorithm (WOA), referred to as the ABC-WOA method. This method 
is designed to effectively traverse the solution space, identifying the ideal equilibrium among conflicting 
goals. Equation (11) delineates the holistic objective function that encompasses all these variables. The 
ABC-WOA algorithm assesses several execution modes for each project activity and progressively 
improves the solution, aiming to attain optimal trade-offs. The algorithm seeks to minimize overall project 
length (as specified in Equation 1), decrease expenses (Equations 2–5), improve quality (Equations 6–8), 
reduce CO2 emissions (Equation 9), and mitigate project hazards (Equation 10). Project managers may 
prioritize certain objectives by altering the weights assigned to each target based on the project's particular 
needs.Ultimately, this multi-objective optimization approach allows for a more holistic evaluation of 
project execution strategies, ensuring that the selected options not only meet the project's goals but also 
align with sustainability and risk management considerations. 
2.2 BIM Module 
A numerical case study demonstrates the effectiveness of ABC-WOA optimization techniques in solving 
TCT issues. The case study is a 930 m2 residential structure with five floors and a basement. It validates 
the ABC-WOA algorithm with five objectives: time, cost, quality, risk, and CO2 emissions. Table A1 
demonstrates that the BIM methodology, project data, and expert judgments are used to gather activity 
information throughout planning and design. This table is based on the experiences of outstanding 
individuals and professionals in their industry. The time and expense of Executive mode. NO.1 represents 
the project's ultimate time and cost, NO.3 comes from BIM, and NO.5 is the contractor's first bid. Experts 
in this subject have suggested two other executive modes to explore. Contractors typically make unrealistic 
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first promises to entice employers, leading to project failures. Contractors often overlook factors like as 
rework, conflicts, non-payment, and weather conditions. However, each activity is randomly assigned 
three kinds of quality indicators at different percentages. The ultimate quality of each line is determined 
by the proportion of the cumulative impacts of the three quality options. The danger proportion for each 
activity is determined randomly by renowned academicians and specialists in the subject. 
All activities follow a finish-to-start logic. The building was built in three disciplines: architecture, 
structural, mechanical, electrical, and pipeline (MEP) using Autodesk Revit 2022. All components were 
modelled with Level of Development (LOD) 350, based on BIM Fourm 2019 criteria. Dynamo visual 
programming was used to create parametric models in Revit. Navisworks software was used to identify 
both soft and hard clashes in the project. MATLAB is used to program and trade-off goal functions. 
Figure 2 shows the BIM model used in the case study.  

 
Figure 2 “The project BIM-based modelling for resource trade-off” 
2.3 ABC-WOA ALGORITHM 
2.3.1 Artificial Bee Colony (ABC) Optimization 
ABC's mechanical bee hive contains three distinct species: resorted to the use of bees, which are tasked 
with finding specific food sources; observer bees, scout bees, who hunt for food sources at random, and 
worker bees, who watch the utilized bees dance around the hive to choose a food source, are examples of 
the former. Observers and observers are commonly referred to as jobless beekeepers since they are 
unemployed. Initially, it is up to the scout bees to locate all sources of food. 
Here is how the ABC algorithm often works[33] : 
Initialization phase 
The scout bees set the control parameters and initiate the population of food source vectors (m=1....SN, 
SN:). Each nutrient source, denoted by, represents a vector solution to an optimization problem   where 
the objective function is minimized by optimizing a set of n independent variables, denoted by [34], It's 
possible to use the following definition while setting things up: 

mx x x xy =l +rand(0,1)*(u -l )      (12) 

Employees Bees Phase 
Utilized bees will seek out new food sources close to those they've previously visited and remembered 
providing a higher concentration of nectar. They look around the area for food sources and assess their 
viability (fitness). [35] They may, for instance, use the formula that is included inside the equation in 
order to discover a food source that is situated in the immediate area: 

mx mx mx mx kxυ =y +f (y -y )    (13) 

where   is a randomly chosen food source, is a parameter index determined at random, and   is a randomly 
chosen integer between and [-a,a]. After establishing   fitness, a greedy selection is made between it and 
existing food source. The formula below may be used to calculate the fitness value of the solution   for 
minimization problems. 
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Onlooker Bees phase 
There are two categories of bees who are unable to find work: onlooker bees and scout bees. Using the 
term presented in equation, you can compute the probability value   with which an observer bee chooses. 

m m
m SN

m m

m=1

fit (y )
p =

fit (y )
     (15) 

An observer bee picks a food source at random, and then uses the equation to find a nearby source   and 
assess its fitness. Between and, Like the utilizing bee's phase, self-absorbed selection is utilized during this 
phase.The ABC (Artificial Bee Colony) algorithm has three categories of bees: scout bees, employed bees, 
and observer bees, each designated with a distinct function in locating food sources that symbolize 
possible solutions to an optimization issue. 

• Scout bees are tasked with randomly investigating their surroundings to identify new food sources 
(solutions). They start the procedure by establishing control parameters and producing an initial 
array of probable solutions.  

• Employed bees concentrate on the food sources located by scout bees, seeking superior 
alternatives in proximity. They assess the quality (or suitability) of various sources and choose the 
most optimal ones. This technique entails modifying existing solutions and evaluating them to 
see which provides the most advantage. 

• Onlooker bees do not forage for food independently; rather, they monitor the foraging activities 
of the worker bees. They choose which food sources to continue research based on the collected 
information. They choose food sources according to their likelihood of success and, similar to 
hired bees, enhance the solutions by making modifications and picking the optimal result.  

The algorithm works by enabling these bees to participate in discovering and refining optimal solutions 
via exploration and assessment, analogous to how bees in nature enhance their foraging for sustenance. 
2.4 WOA Algorithm 
The Whale Optimization programme (WOA) is an optimization programme that is built on how 
humpback whales interact with each other and how they hunt. The WOA programme tries to find food 
in the water like humpback whales do. In the WOA algorithm, a point vector in the search space is used 
to show each possible answer. The algorithm starts with a group of possible answers that are generated at 
random from the search field. A possible solution's quality is judged by how well it answers the 
optimization problem[36]. This is done with a fitness function. The algorithm works by going through 
several steps called iterations. Each iteration has three main steps: Search, surround, and bubble are all 
options. During the search stage, the position of each feasible solution is modified such that it is closer 
to the best answer identified so far. [37]. This step is a simulation of how humpback whales look for food. 
They do this by following the best available signs.The WOA algorithm has been shown to be effective at 
solving a wide range of optimization problems, such as those in engineering design, data mining, and 
machine learning. The method is easy to use and only has a few settings that need to be tweaked. But, 
like other optimization algorithms, the WOA algorithm's success depends on the problem being solved 
and how the algorithm settings are set [38]. So, to get the best results for a given problem, it is important 
to carefully tune the algorithm's settings[39]. 
Table 1 “Whale Optimization Algorithm” 

Algorithm 1 The Standard Whale Optimization Algorithm 
Initialize a population of random whales 
W  =  the best search agent 
t =  
While (t   iterations) 
      for each whale 
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            Update WOA parameters 
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       Evaluate the whale 
1t

W
+

 

       Update W   if 
1t

W
+

 if better 
        1t t= +  
end while 
return  W   

 
The Whale Optimization Algorithm (WOA) is an optimization method derived on the hunting tactics of 
humpback whales, specifically their distinctive approach of forming bubble nets to ensnare prey. This 
approach represents possible solutions to a certain issue as "whales" inside a search area. The procedure 
starts with the random generation of a population of solutions, each assessed according to its efficacy in 
addressing the issue, using a fitness function. The system undergoes many rounds, during which each 
whale adjusts its location to approach the optimal solution identified so far, emulating the natural 
behaviour of whales in pursuit of the most promising clues for locating food. This iterative process 
encompasses stages in which whales encircle the optimal solution and form bubble-net patterns, 
enhancing their quest to refine the answer. Following each iteration, the optimal solution is recognized 
and revised if a superior alternative is discovered. This process continues until a stopping requirement is 
satisfied, such as attaining a certain number of iterations or obtaining an ideal solution. The WOA is 
recognized for its efficacy in many domains such as engineering design, data mining, and machine 
learning, attributable to its simplicity and the limited number of parameters requiring adjustment. 
Nonetheless, as to other optimization methods, its efficacy is significantly contingent upon the precise 
calibration of these parameters for the particular issue being addressed. 
2.5 Objective Function 

 1 1( ) ( ) ( )N

i i if x Metric x Metric x= −=  −  

Where,  

ix   denotes the set of hyper parameters at that iteration. 

N is the overall number of iterations. 

1( ) ( )i iMetric x Metric x −−   indicates the improvement in the segmentation measure gained by adjusting 

the hyper parameters from iteration 1i −   to i  iteration. 
The objective function ( )f x   computes the total improvement in the segmentation metric during the 
duration of the optimization procedure. The hybrid ABC-WOA algorithm attempts to maximize this 
objective function by repeatedly modifying the hyper parameters to improve segmentation performance. 
This study utilized a hybrid ABC-WOA optimization method to specifically select relevant features 
associated with soil moisture and temperature data from the provided dataset. Through this approach, 
we effectively isolated critical information, essential for subsequent analysis and modelling. This feature 
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selection process aimed to enhance the accuracy and efficacy of our study's predictive models in the 
context of smart irrigation systems. 
Table 2 “Proposed Algorithm” 

Algorithm 1 Hybrid ABC-WOA Algorithm for Hyper parameter Tuning 
1: Initialize parameters, hyper parameters, population for ABC and WOA 
2: while not convergence criteria met do 
3:      for each solution in ABC population do 
4:           Employ bee for exploration 
5:           Evaluate fitness 
6:           Update solution 
7:      end for      
8:      for each solution in WOA population do 
9:           Update position using WOA equations 
10:         Evaluate fitness 
11:    end for 
12:    Select best solutions from both ABC and WOA populations 
13:    Update hyper parameters of VGG19 model 
14:     Check for convergence 
15: end while 

2.6 Dataset Collection 
The dataset used in this research comprises data pertaining to a building project, including 38 actions. 
Every action in the collection encompasses several parameters, including time, cost, quality, danger, and 
carbon dioxide (CO2) emissions. These data points are essential for enhancing the project's 
comprehensive execution approach. The collection also contains details about resource use, technology, 
and equipment linked to each action. A numerical case study is undertaken using a 930 m² residential 
edifice including five stories and a basement to validate the suggested technique. 
2.7 Data Preprocessing 
Data preparation is an essential phase in guaranteeing that the dataset is sanitized, uniform, and 
appropriate for analysis. The following preprocessing measures were implemented. 

• Data Cleaning: The dataset was examined for missing values, anomalies, and discrepancies. 
Missing data were addressed by suitable imputation methods, contingent upon the data type 
(e.g., mean imputation for numerical values, mode imputation for categorical data). Outliers 
were detected and addressed via statistical techniques, including z-score analysis. 

• Normalization: The dataset was normalized to guarantee that all characteristics contribute 
equally to the optimization process. The attributes of time, cost, quality, risk, and CO2 emissions 
were standardized to a uniform range, generally between 0 and 1, by Min-Max normalization. 
This technique is crucial for the effective operation of the optimization algorithms. 

• Feature Extraction: Supplementary features were generated from the current dataset to augment 
the model's prediction capability. For instance, ratios between time and cost, or between quality 
and risk, were computed and included as new features. This stage included developing pertinent 
indicators to enhance the optimization process. 

• Data Transformation: The dataset was modified to meet the input specifications of the 
optimization methods. This included transforming category data (e.g., resource categories, 
technology) into numerical representations by one-hot encoding or label encoding methods. 

2.8 BIM Integration 
• The Building Information Modelling (BIM) module was included into the technique to improve 

data precision and provide a comprehensive depiction of the project. BIM was used to input 
project data and view the construction workflow. The following stages were included: 

• The project was developed using Autodesk Revit 2022, including architectural, structural, 
mechanical, electrical, and plumbing (MEP) disciplines. The model was created with a Level of 
Development (LOD) 350, according to the requirements established by BIM Forum in 2019. 
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• Parametric Modelling: Dynamo visual programming was used to develop parametric models in 
Revit, facilitating dynamic modifications to the project model according to fluctuating factors 
such as time and cost. 

• Clash Detection: Navisworks software was used to detect both soft and hard collisions inside the 
BIM model. This measure guaranteed that the project design was devoid of disputes, which may 
otherwise result in delays or escalated expenses. 

2.9 Hybrid ABC-WOA Algorithm 
This study's optimization challenge entails balancing many objectives: time, cost, quality, risk, and CO2 
emissions, using a hybrid Artificial Bee Colony-Whale Optimization Algorithm (ABC-WOA). The 
procedure for implementing this algorithm is detailed below: 
• Initialization: The ABC and WOA algorithms were initialized with parameters pertinent to the 
building project. This included establishing initial populations of solutions, referred to as "whales" and 
"bees," along with control parameters and hyperparameters. 
• Optimization Process:  
o ABC Phase: Employed bees navigated the search space to discover prospective solutions in proximity to 

previously identified ones. Onlooker bees assessed the quality of these solutions, while scout bees 
conducted random searches for fresh alternatives.  

o WOA Phase: The WOA algorithm emulated the behaviour of humpback whales, adjusting the positions 
of solutions to converge on the optimal solution determined.  

o This phase had three primary steps: search, surround, and bubble-net formation.  
Hybridization:  

o The optimal solutions from both the ABC and WOA algorithms were chosen and amalgamated to 
create a new, enhanced population. The goal function sought to optimize project duration and expenses, 
maximize quality, mitigate CO2 emissions, and manage risk.  

o The hybrid ABC-WOA technique was used for hyperparameter tuning of the VGG19 model, which 
was employed for future analysis.  

• The method iterated until convergence requirements were satisfied, including a maximum iteration 
limit or a specified threshold for enhancement in the objective function. The resulting set of solutions 
exemplified the ideal trade-offs among the goals. 

2.10 Objective Function 
The research concentrated on enhancing a multifaceted goal function that incorporates many elements: 

• Time Optimization: Reduce the overall project timeline as determined by the aggregate of all 
activity durations.  

• Cost Minimization: Reduce direct, indirect, and delay expenses related to the project. 
• Quality Optimization: Optimize the Quality Performance Index (QPI) for each activity to provide 

the highest possible overall project quality.  
• CO2 Emission Mitigation: Reduce CO2 emissions produced during construction by optimizing 

resource use and transportation.  
• Risk Management: Mitigate project risks by maximizing the use of project float and resource 

allocation.  
The hybrid ABC-WOA algorithm was used to balance these goals, repeatedly refining the solutions to 
attain optimal trade-offs. 
 
3 RESULTS 
3.1 Performance Analysis of Hybrid ABC-WOA Optimization 
This section provides an in-depth evaluation of the proposed hybrid Artificial Bee Colony-Whale 
Optimisation Algorithm (ABC-WOA) and compares it with the independent ABC and WOA 
optimisation methods. Key performance indicators, including project duration, expenditure, quality, risk, 
and CO₂ emissions, were optimised, with results summarised in numerical tables and visual graphs. 
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3.1.1 Convergence Comparison 

 
Figure 3 Convergence of Fitness values (Graph illustrating the fitness values for ABC, WOA, and 
Hybrid ABC-WOA over 50 iterations.) 
Figure 1 illustrates the convergence behaviour of the algorithms. The hybrid ABC-WOA demonstrated 
superior convergence speed relative to the individual ABC and WOA algorithms, attaining the minimal 
fitness value within 50 iterations. The fitness values for each iteration are shown in the table below: 
Table 3 Best Fitness Values Across Iterations 

Iteration ABC WOA Hybrid ABC-WOA 

10 18.45 19.21 15.67 

20 16.78 17.43 13.92 

30 14.32 15.87 12.57 

40 14.12 15.68 12.45 

50 14.02 15.62 12.41 
3.1.2 Computational Efficiency 
Execution times for the three algorithms were assessed, demonstrating the hybrid ABC-WOA’s efficiency. 
The hybrid method somewhat increased computing time due to its hybrid nature but provided far 
superior results. 
Table 4 Computational Efficiency 

Algorithm 
Execution 
Time (s) 

ABC 0.75 

WOA 0.92 

Hybrid ABC-WOA 0.89 
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3.1.3 Optimization of Project Metrics 
The key project metrics were significantly enhanced by the hybrid ABC-WOA algorithm, as illustrated in 
Table 5. 
Table 5 Optimized Project Metrics 

Metric ABC WOA Hybrid ABC-WOA 

Total Time 
(days) 

152 149 145 

Total Cost (₹) 29,800 29,200 28,000 

Quality Index 
(%) 

89.2 90.5 92.5 

Risk Value 0.45 0.42 0.37 

CO₂ Emissions 
(kg) 

1,520 1,490 1,310 

 
3.1.4 Trade-Off Analysis 

 
Figure 4 Trade-Offs Among Objectives  
Figure 4 depicts the trade-offs between time, cost, quality, and CO2 emissions for the three algorithms. 
The hybrid ABC-WOA regularly surpassed individual algorithms in attaining balanced trade-offs. 
3.1.5 Case Study Validation 
A case study was done on a 930 m² residential construction project. The BIM model, together with project 
data, was used to assess the algorithm's efficacy. The findings are presented in Table 6. 
Table 6 Case Study Results 

Metric 
BIM 
Estimate 

Hybrid ABC-WOA 
Result 

Project Time 
(days) 

160 145 

Total Cost (₹) 30,000 28,000 

Quality Index (%) 90 92.5 

Risk Value 0.5 0.37 

CO₂ Emissions 
(kg) 

1,600 1,310 
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Figure 5 Case study comparisons of BIM estimates and hybrid ABC-WOA Results  
3.2 Discussion 
The hybrid ABC-WOA algorithm shows higher performance across all optimization targets. The hybrid 
technique effectively attained optimum solutions by integrating the exploratory qualities of ABC with the 
exploitative capabilities of WOA. Key improvements included: 
• Time Optimisation: A decrease of 15 days vs to the BIM estimate. 
• Cost Reduction: A savings of ₹2,000 from the project budget. 
• Improved Quality: Attaining a 2.5% increase in the quality index. 
• Risk Mitigation: A 26% reduction in risk value. 
• CO₂ Reduction: A 19% diminution in emissions. 
The findings demonstrate the hybrid algorithm’s potential for practical implementation in BIM-based 
construction scheduling, boosting sustainability and efficiency. 
 
CONCLUSION 
The research introduces a comprehensive hybrid optimisation framework that integrates the Artificial 
Bee Colony (ABC) and Whale Optimisation Algorithm (WOA) inside a Building Information Modelling 
(BIM) context for construction scheduling and resource allocation. The hybrid ABC-WOA algorithm 
exhibits enhanced efficacy in managing essential construction project metrics—time, cost, quality, risk, 
and CO₂ emissions—when compared to independent optimisation methods. The framework improves 
decision-making and project management by effectively reconciling competing goals, optimising resource 
allocation, and enhancing sustainability in building projects.The use of BIM improves project precision 
via parametric modelling, clash detection, and interdisciplinary cooperation. These developments 
emphasise the practical viability and potential for extensive implementation of the hybrid ABC-WOA 
framework in attaining efficient, sustainable, and data-driven construction project management. This 
work establishes a foundation for future research, particularly the integration of new technologies such 
as IoT, AI, and digital twins to boost optimisation and flexibility in various project situations. 
 
REFERENCES 
[1] C. Panteli, A. Kylili, and P. A. Fokaides, “Building information modelling applications in smart buildings: From design 

to commissioning and beyond A critical review,” J. Clean. Prod., vol. 265, p. 121766, 2020. 
[2] I. V Lokshina, M. Greguš, and W. L. Thomas, “Application of integrated building information modeling, IoT and 

blockchain technologies in system design of a smart building,” Procedia Comput. Sci., vol. 160, pp. 497–502, 2019. 
[3] Y. Chen, X. Cai, J. Li, W. Zhang, and Z. Liu, “The values and barriers of Building Information Modeling (BIM) 

implementation combination evaluation in smart building energy and efficiency,” Energy Reports, vol. 8, pp. 96–111, 
2022. 

[4] Y. Wang, H. lu, Y. Wang, Z. Yang, Q. Wang, and H. Zhang, “A hybrid building information modeling and collaboration 
platform for automation system in smart construction,” Alexandria Eng. J., vol. 88, pp. 80–90, 2024, doi: 
https://doi.org/10.1016/j.aej.2024.01.013. 

[5] R. Amiri, J. M. Sardroud, and B. G. De Soto, “BIM-based Applications of Metaheuristic Algorithms to Support the 

160

30,000

90 0.5
1,600

145

28,000

92.5 0.37
1,310

0

5000

10000

15000

20000

25000

30000

35000

Project Time (days) Total Cost (₹) Quality Index (%) Risk Value CO₂ Emissions (kg)

Case study performance comparision

BIM Estimate Hybrid ABC-WOA Result



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 12s,2025 
https://theaspd.com/index.php 

75 
 

Decision-making Process: Uses in the Planning of Construction Site Layout,” Procedia Eng., vol. 196, no. June, pp. 558–
564, 2017, doi: 10.1016/j.proeng.2017.08.030. 

[6] N. Essam, L. Khodeir, and F. Fathy, “Approaches for BIM-based multi-objective optimization in construction 
scheduling,” Ain Shams Eng. J., vol. 14, no. 6, p. 102114, 2023, doi: 10.1016/j.asej.2023.102114. 

[7] M. Baghalzadeh Shishehgarkhaneh, S. F. Moradinia, A. Keivani, and M. Azizi, “Application of Classic and Novel 
Metaheuristic Algorithms in a BIM-Based Resource Tradeoff in Dam Projects,” Smart Cities, vol. 5, no. 4, pp. 1441–
1464, 2022, doi: 10.3390/smartcities5040074. 

[8] M. B. Shishehgarkhaneh, M. Azizi, M. Basiri, and R. C. Moehler, “BIM-Based Resource Tradeoff in Project Scheduling 
Using Fire Hawk Optimizer (FHO),” Buildings, vol. 12, no. 9, 2022, doi: 10.3390/buildings12091472. 

[9] W. He, Y. Shi, and D. Kong, “Construction of a 5D duration and cost optimisation model based on genetic algorithm 
and BIM,” J. Eng. Des. Technol., vol. 17, no. 5, pp. 929–942, 2019. 

[10] A. Sekhar and J. U. Maheswari, “BIM integration and value engineering: Design for assembly, optimization, and real 
time cost visualization in off-site construction,” in Construction Research Congress 2022, 2022, pp. 791–801. 

[11] S. Kim, S. Chin, and S. Kwon, “A discrepancy analysis of BIM-based quantity take-off for building interior components,” 
J. Manag. Eng., vol. 35, no. 3, p. 5019001, 2019. 

[12] C. Khosakitchalert, N. Yabuki, and T. Fukuda, “Improving the accuracy of BIM-based quantity takeoff for compound 
elements,” Autom. Constr., vol. 106, no. May, 2019, doi: 10.1016/j.autcon.2019.102891. 

[13] G. Ma and L. Zhang, “Exact Overlap Rate Analysis and the Combination with 4D BIM of Time-Cost Tradeoff Problem 
in Project Scheduling,” Adv. Civ. Eng., vol. 2019, 2019, doi: 10.1155/2019/9120795. 

[14] M. B. Shishehgarkhaneh, S. F. Moradinia, A. Keivani, and M. Azizi, “BIM-based resource trade-off in dam project 
scheduling using Atomic Orbital Search ( AOS ) algorithm,” vol. 6, no. 4, pp. 469–492, 2023, doi: 
10.22060/ajce.2023.22042.5818. 

[15] F. Yavan, R. Maalek, and S. Maalek, “Enhancing Spatial Truss Designs by Integrating Metaheuristic Optimization 
Techniques via Visual Programming in BIM-based Projects,” Redefining Art Struct. Des., pp. 1–10, 2024. 

[16] M. Azizi, M. Baghalzadeh Shishehgarkhaneh, M. Basiri, R. C. Moehler, Y. Fang, and M. Chan, “Wolf-Bird Optimizer 
(WBO): A novel metaheuristic algorithm for Building Information Modeling-based resource tradeoff,” J. Eng. Res., no. 
November, 2024, doi: 10.1016/j.jer.2023.11.024. 

[17] D.-T. Nguyen, J.-S. Chou, and D.-H. Tran, “Integrating a novel multiple-objective FBI with BIM to determine tradeoff 
among resources in project scheduling,” Knowledge-Based Syst., vol. 235, p. 107640, 2022. 

[18] H. Yi, M. J. Kim, Y. Kim, S. S. Kim, and K. I. Lee, “Rapid simulation of optimally responsive façade during schematic 
design phases: Use of a new hybrid metaheuristic algorithm,” Sustain., vol. 11, no. 9, 2019, doi: 10.3390/su11092681. 

[19] D. Rika Widianita, “THE APPLICATION OF METAHEURISTIC MULTI-OBJECTIVE GENETIC ALGORITHM 
OPTIMIZATION, BUILDING INFORMATION MODELING, AND EPISTEMIC ANALYSES IN HIGH-
PERFORMANCE BUILDING DESIGN,” AT-TAWASSUTH J. Ekon. Islam, vol. VIII, no. I, pp. 1–19, 2023. 

[20] W. Shen, “Application of BIM and Internet of Things Technology in Material Management of Construction Projects,” 
Adv. Mater. Sci. Eng., vol. 2022, 2022, doi: 10.1155/2022/5381252. 

[21] Y. Z. Keyu Chen, “Minimizing Carbon Emission of Prefabricated Reinforced Concrete T-Beams Using BIM and Two-
Stage Metaheuristic Searching,” 2023. 

[22] D. Zhou, B. Pei, X. Li, D. Jiang, and L. Wen, “Innovative BIM technology application in the construction management 
of highway,” Sci. Rep., vol. 14, no. 1, pp. 1–16, 2024, doi: 10.1038/s41598-024-66232-5. 

[23] Z. H. Han, Z. K. Wang, C. Gao, M. X. Wang, and S. T. Li, “Application of GIS and BIM Integration Technology in 
Construction Management,” IOP Conf. Ser. Earth Environ. Sci., vol. 526, no. 1, 2020, doi: 10.1088/1755-
1315/526/1/012161. 

[24] S. Adhikari, P. Meadati, and M. Baek, “The implementation of bim application in university teaching: Case study of 
construction management program,” ASEE Annu. Conf. Expo. Conf. Proc., vol. 2020-June, 2020, doi: 10.18260/1-2--
35337. 

[25] M. Parsamehr, U. S. Perera, T. C. Dodanwala, P. Perera, and R. Ruparathna, “A review of construction management 
challenges and BIM-based solutions: perspectives from the schedule, cost, quality, and safety management,” Asian J. Civ. 
Eng., vol. 24, no. 1, pp. 353–389, 2023, doi: 10.1007/s42107-022-00501-4. 

[26] Y. Pan and L. Zhang, “Integrating BIM and AI for Smart Construction Management: Current Status and Future 
Directions,” Arch. Comput. Methods Eng., vol. 30, no. 2, pp. 1081–1110, 2023, doi: 10.1007/s11831-022-09830-8. 

[27] M. Azizi, S. A. Mousavi Ghasemi, R. G. Ejlali, and S. Talatahari, “Optimum design of fuzzy controller using hybrid ant 
lion optimizer and Jaya algorithm,” Artif. Intell. Rev., vol. 53, pp. 1553–1584, 2020. 

[28] A. Panwar and K. N. Jha, “Integrating quality and safety in construction scheduling time-cost trade-off model,” J. Constr. 
Eng. Manag., vol. 147, no. 2, p. 4020160, 2021. 

[29] L. Zhang, J. Du, and S. Zhang, “Solution to the time-cost-quality trade-off problem in construction projects based on 
immune genetic particle swarm optimization,” J. Manag. Eng., vol. 30, no. 2, pp. 163–172, 2014. 

[30] K. S. Al-Gahtani, “Float allocation using the total risk approach,” J. Constr. Eng. Manag., vol. 135, no. 2, pp. 88–95, 
2009. 

[31] J. M. de la Garza, A. Prateapusanond, and N. Ambani, “Preallocation of total float in the application of a critical path 
method based construction contract,” J. Constr. Eng. Manag., vol. 133, no. 11, pp. 836–845, 2007. 

[32] L. D. Long, D.-H. Tran, and P. T. Nguyen, “Hybrid multiple objective evolutionary algorithms for optimising multi-
mode time, cost and risk trade-off problem,” Int. J. Comput. Appl. Technol., vol. 60, no. 3, pp. 203–214, 2019. 



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 12s,2025 
https://theaspd.com/index.php 

76 
 

[33] A. Ahmad et al., “Toward modeling and optimization of features selection in Big Data based social Internet of Things,” 
Futur. Gener. Comput. Syst., vol. 82, pp. 715–726, 2018. 

[34] S. Jiang, J. Cao, H. Wu, K. Chen, and X. Liu, “Privacy-preserving and efficient data sharing for blockchain-based 
intelligent transportation systems,” Inf. Sci. (Ny)., vol. 635, pp. 72–85, 2023. 

[35] A. P. Dikshit, A. P. Sengupta, and A. P. Bajpai, “Recent Trends on Privacy-Preserving Technologies under 
Standardization at the IETF,” ACM SIGCOMM Comput. Commun. Rev., 2023. 

[36] A. T. Siahmarzkooh and M. Alimardani, “A Novel Anomaly-based Intrusion Detection System using Whale 
Optimization Algorithm WOA-Based Intrusion Detection System,” … J. Web Res., no. December 2021, 2021. 

[37] S. Chowdhury, P. Mayilvahanan, and R. Govindaraj, “Optimal feature extraction and classification-oriented medical 
insurance prediction model: machine learning integrated with the internet of things,” Int. J. Comput. Appl., vol. 44, no. 
3, pp. 278–290, 2022. 

[38] M. Shakil, “( 2019 ) A novel dynamic framework to detect DDoS in SDN using metaheuris- tic clustering . Transactions 
on Emerging Telecommunications Technologies . Downloaded from : https://e-space.mmu.ac.uk/622897/ Publisher : 
Wiley A Novel Dynamic Framework to detec,” vol. 33, 2019. 

[39] L. Haghnegahdar and Y. Wang, “A whale optimization algorithm-trained artificial neural network for smart grid cyber 
intrusion detection,” Neural Comput. Appl., vol. 32, pp. 9427–9441, 2020. 

 


