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ABSTRACT 

AN INTEGRATED OPTIMIZATION-BASED COMPUTATIONAL FRAMEWORK 
FOR PROGRESSIVE COLLAPSE ANALYSIS 

Mohammadjavad Esfandiari, Ph.D. 

George Mason University, 2020 

Dissertation Director: Dr. Girum Urgessa, Associate Professor 

 

This dissertation investigated progressive collapse analysis of three-dimensional (3D) 

reinforced concrete (RC) frames that are optimized for carrying structural loads by 

introducing a unique simultaneous multi-column removal load path. While the concept of 

removing a key structural element from a predefined location is typically used as a means 

of introducing structural damage for progressive collapse analysis, recent studies challenge 

that this approach is inadequate to describe structural responses generated from extreme 

events, such as explosions. The investigation includes formulating an integrated 

computational framework that incorporates a self-training machine learning algorithm. 

This algorithm is used to train the largest machine learning models of 3D RC frames 

containing more than 600 optimized structures to predict the posterior based on the trained 

priors. The efficiency of the computational framework was shown by conducting a 

comprehensive study on the optimization and behavior of structures considering both static 

and dynamic time-history loadings, alternative load path due to progressive collapse, and 

second order (P–delta) effects. Nonlinearity of materials was considered using plastic hinge 

models. A more detailed constraint handling is presented compared to the state-of-the-art 
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with implementation of a new multilevel nonlinear penalty function. The detailed 

constraint handling is envisioned to allow unrestricted section dimensions and reinforcing 

steel details to ensure that system solutions will meet both structural integrity and 

constructability requirements of the American Concrete Institute and the progressive 

collapse requirements of the Unified Facilities Criteria.  
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1. INTRODUCTION 

1.1. Motivation of the Study 

Progressive collapse is defined as a chain reaction of structural system failure 

initiated from a local failure of a structural member due to different triggers such as terrorist 

attacks, gas explosions, major earthquakes, or fires. Failure in a local structural element 

leads to an increase in internal forces and an overload in nearby structural elements, 

ultimately causing a progressive collapse of the entire or a disproportionately large part of 

the structure. The collapses of the Alfred P. Murrah Federal Building in 1995 in Oklahoma 

City, the Twin Towers of the World Trade Center in 2001 in New York City, and recently 

the Plasco Building in 2017 near my hometown in Tehran and Hard Rock Hotel in New 

Orleans in 2019, demonstrate the disruptive nature of progressive collapse. The 

consequences include economic losses and casualties of human lives. Even though it is 

impossible to predict the timing of natural or man-made causes that can lead to progressive 

collapse, structures can be designed to better withstand progressive collapse.  

In traditional structural engineering codes, designing against progressive collapse 

was indirectly considered by prescribing minimum requirements for structural integrity of 

structural members and their connections. The goal was to limit the effects of local collapse 

and to prevent or minimize progressive collapse [1]. In recent years, the General Services 
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Administration (GSA) [2] and the Department of Defense (DoD) [3] have published 

guidelines aiming at reducing the potential for progressive collapse when designing new 

and renovated buildings. According to these guidelines, structures must be analyzed and 

evaluated for the case of a sudden removal of a column or a primary vertical support to 

ensure that the spread of local damage is confined. There are two different philosophical 

approaches within these guidelines in addressing progressive collapse. The first approach 

is the Enhanced Local Resistance (ELR) method. In this approach, a prescribed level of 

out-of-plane flexural and shear resistance of perimeter building columns is considered to 

provide sufficient strength to the building or parts of the building to resist a specific load 

or threat [3]. ELR aims to separately harden critical structural members to make sure that 

they will not fail in the case of overloading caused by the failure of another element. [4]. 

The disadvantage of this approach is that the structural cost will be significantly increased 

due to the need for bigger cross-sections along the entire part of the structure under 

consideration, which is uneconomical for such low-probability events. 

The second approach is the Alternate Path (AP) method, which requires that the 

structure be capable of bridging over a missing structural element with the resulting extent 

of damage being localized [3]. The main objective here is the redistribution of gravity loads 

after removing any structural elements that are expected to fail due to the localized failure. 

While this approach does not explicitly model the threat/loading, it evaluates the 

consequence by focusing on the collapse resistance of the structure after critical load 

bearing elements are removed [5]. The advantage of the AP approach is that it provides a 
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systematic way of evaluating the potential of buildings for progressive collapse by carrying 

out structural analysis for each structural element removal scenario. 

The main limitations of the state-of-the-art progressive collapse analysis, which 

form the basis for the motivation of this dissertation, are enumerated below. 

i) While the philosophy behind the AP method is attractive for evaluating the path 

load for progressive collapse, no clear guidance is available for considering multiple 

structural element removal and consequence scenarios. While exterior and corner columns 

are usually thought of as critical locations for progressive collapse initiated by ground 

explosions (e.g. Oklahoma City bombing), a fire event at a random story of a building may 

be the cause of progressive collapse (e.g. Plasco Building fire). In some cases, engineers 

are only referred to “using engineering judgement to identify critical column locations” 

resulting in inconsistent approaches to addressing this issue [3].  

ii) While the GSA and DoD guidelines attempt to simplify the progressive collapse 

analysis so that is can be carried out by finite element analysis (FEM), their approach 

requires multiple analyses on a trial and error basis for generating an acceptable solution. 

In fact, Hartmann et al. [6] showed that the computations associated with the simulation of 

collapses of real world structures based on these conventional methods are very costly. 

Consequently, progressive collapse is only considered for select facilities while 

conventional reinforced concrete buildings rely only on structural integrity considerations, 

such as providing standard rebar details and continuity for minimizing progressive 

collapse.  
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iii) While optimization is the most frequent approach implemented to automatically 

evaluate the behavior of structures under different loading conditions, finding the optimum 

solutions of reinforced concrete structures is inhibited by challenges associated with 

structural complexity, large search spaces, and the presence of too many variables, amongst 

other types of constraints. The consideration of progressive collapse exacerbates the 

complexity of the problem as multiple structural removal scenarios should be considered. 

A reinforced concrete member can be analyzed and designed with a semi-infinite set of 

member dimensions and different arrangements of reinforcing bars. This set number is 

much higher if progressive collapse is considered. When one or several members are 

removed from a structure, the topology of the structural model changes making it 

impossible to find the optimum solution and escape local minimums by using regular 

optimization methods.  

iv) While in recent years, increasing academic attention to Machine Learning (ML) 

and other Artificial Intelligence (AI) methods are opening up new paths for researchers in 

different fields, their use in the automatic evaluation of structural response under different 

dynamic loading conditions is limited. One of the main challenges is the lack of adequate 

optimum data that is needed to train the algorithm. Moreover, in a complex system such as 

RC structures, having too many features increases the dimension of the problem. A 

common issue for these kinds of high-dimensional problems would be the curse of 

dimensionality where the dimension of space increases so fast and the available data 

become sparse. To handle this issue, there is a need for developing several hundreds of 
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training data, which is not available. Currently, there is no published research that 

integrates optimization and machine learning for robust evaluation of the behavior of 3D 

reinforced concrete structures subjected to progressive collapse. 

 

1.2. Goal and Objectives of the Study 

Based on extensive literature review, there is a lack of an integrated 

computational framework that is capable of evaluating the behavior of structures for 

conventional loads while simultaneously providing the ability to conduct robust 

progressive collapse analysis in one sweep. Therefore, the main goal of the study is to 

investigate the integration of optimization, artificial intelligence and machine 

learning to achieve an innovative and efficient method of analyzing reinforced 

concrete (RC) buildings for progressive collapse without the need for large training 

data sets at the beginning. Figure 1 illustrates the vision of the integrated computational 

framework. The computational framework provides an efficient platform to conduct 

multiple consequence scenarios of progressive collapse and leads to an optimum solution 

for the structure regardless of the complexity of the reinforced concrete structure. 

The specific objectives of this research were six-folds: 

• Objective 1: Investigate optimization algorithms that can be used for analyzing 3D 

reinforced concrete frames subjected to conventional static loadings (e.g. gravity 

and equivalent lateral force) in an efficient manner. 
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• Objective 2: Investigate machine learning, and AI algorithms to be combined with 

the selected optimization algorithm for enhancing the performance and efficiency 

of the algorithm and make it suitable for applying it on complex systems.  

• Objective 3: Extend the algorithm for analyzing reinforced concrete frames 

subjected to conventional dynamic loadings (e.g. earthquake and blast loadings) 

• Objective 4: Construct a finite-element model for analyzing progressive collapse 

building upon the conventional static and dynamic analyses models 

• Objective 5: Investigate how optimization and progressive collapse analyses can be 

integrated in a single computational framework  

• Objective 6: Apply the computational framework for progressive collapse analysis 

of the reinforced concrete frames that meets the structural system requirements for 

conventional static and dynamic loadings under objectives 1-3 and the provisions 

of the Unified Facilities Criteria. 
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•Extracts the useful features 
•Trains a model on previous data
•Suggests its preference to DMPSO 
•Finds the best solution for the structure 

•Uses Alternate Path (AP) method
•Removes a key structural element
• Finds alternative path to carry loads
• Evaluates the behavior of the structure

•Uses a heuristic to accelerate the convergence 
•Prunes the solutions that make no difference
•Take advantage of priors for posteriors
•Examines the best successors first

• Search the optimal position in the search space
• Minimizes the cost of the weight of the structure
• Satisfies the progressive collapse constraints
• Satisfies  the constructional  constraints
• Satisfies the architectural constraints
• Satisfies the structural constraints
• Formulated  for  static  loadings
• Extended  for  dynamic  loadings

Optimization Artificial 
Intelligence

Machine 
Learning

Progressive 
Collapse

Figure 1 Vision of the integrated computational framework 
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2. LITERATURE REVIEW 

2.1. Progressive Collapse 

 

Particularly after the events of September 11, many studies consisting of 

experimental programs and numerical studies have been conducted on progressive collapse 

of structures. Byfield et al. [7], Wang et al. [8] and Qian and Li [9] have provided extensive 

reviews on this subject. Due to the high costs and difficulties in setting up experimental 

programs, mainly scaled-down specimens of structural components and substructures are 

utilized to investigate progressive collapse mechanisms. Two kinds of experiments are 

mainly conducted: static experiments controlled by displacement and dynamic tests 

conducted through instantaneous removal of the supporting device. One of the most 

important large scale studies on progressive collapse was conducted by the National 

Institute of Standards and Technology (NIST) [10]. For this experimental study, two 

experimental models were built and tested. They concluded that the rotational capacities 

of both the WUF-B and the RBS connections under monotonic column displacement are 

about twice as large as those based on seismic test data [10]. Abolhassan et al. conducted 

a large-scale test on progressive collapse of a single-floor structure in the event of a blast 

attack. They concluded that precast steel cables in the slab can effectively prevent the 

structure from progressive collapse according to the catenary action [11]. Sasani and 
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Kropelnicki tested 3/8 scaled continuous perimeter beam in a concrete structure by 

removing a column instantaneously. They studied the potential progressive collapse of the 

structure and the dynamic load redistributions following the column removals. They 

concluded that design based on DCR method can be overly conservative [12]. Qian and Li 

conducted progressive collapse experiments on full-scale beam-column concrete structures 

with different reinforcement ratios and stirrup spacing. They tested six groups of 1/3 scaled 

beam-column models to study the dynamic collapse mechanism. Their parametric study 

showed that span length plays an important role in progressive collapse resistance [13]. 

Yap and Li tested the progressive collapse resistance performance of reinforced concrete 

beam-column joints. They highlighted the effect of different response behaviors, such as 

force-displacement responses, crack patterns, and failure mechanisms on progressive 

collapse of structures [14]. Mitchell and Cook studied the response of slabs after initial 

failure. By comparing the experimental results with numerical results, they investigated the 

contribution of reinforcing steel bars at the joints to the progressive collapse resistance due 

to punching shear and flexure. They concluded that the secondary load carrying mechanism 

developed is the key in preventing progressive collapse of slab structures [15]. Zineddin et 

al. conducted the impact-loading experiments on three groups of RC slabs. They concluded 

that the reinforcement ratio and the impact height can significantly affect the impact 

resistance of RC slabs [16].  

As far as numerical studies are concerned, various representative models are 

documented in literature[17]–[19] including finite element models that can determine the 
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mechanical behavior of structures before failure with a relative accuracy and discrete 

element models that are more effective for moving and collision between rigid bodies after 

failure. Marchand et al. claimed that available structural design software, such as SAP2000 

and ETABS, can provide similar or better results than those determined with high-fidelity 

physics-based (HFPB) tools [20]. Testing that assertion, Esfandiari et al. studied a non-

linear time history pull-down of a two-span steel frame from NIST in ETABS. The 

numerical results from ETABS pull-down analysis showed good agreement with the results 

from the NIST experimental study [21].  

 

2.2. Optimization and Multi-criterion Decision-making 

 

Many optimization techniques have been developed and used in structural 

optimization problems with objectives of evaluating the merit of a design such as minimum 

construction cost, minimum life-cycle cost, minimum weight, and maximum stiffness [22]. 

Saka et al. [23] and Kaveh [24] include extensive reviews of both deterministic and 

stochastic optimization algorithms. Aldwaik and Adeli also reviewed the optimization of 

high-rise building structures with a focus on large-scale and real-life structures [25]. Two 

examples of algorithms relevant to this dissertation include Multiple Criteria Decision 

Making (MCDM) [26]–[28] and Evolutionary Optimization (EO) [29], [30]. Although both 

algorithms address similar problems as emphasized, they have different goals [31]. MCDM 

supports a human decision maker in identifying the most preferred solution. In other words, 

a decision maker checks the results in every iteration and indicates what kind of changes 
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in the structural system variables would lead to a more preferred solution. In addition, the 

decision maker can ignore infeasible designs or designs that cannot result in better optimal 

solutions before the calculation proceeds. Consequently, the computational resources 

available are not wasted because such optimal solutions that are interesting to the decision 

maker are generated. This method has a strong disadvantage in that a human decision 

maker must be available and willing to actively participate in the solution process and 

direct the solution according to identified preferences. 

On the other hand, EO works with a population of individuals and attempts to find 

a set of non-dominated solutions near the optimal solution. Typically, EO algorithms 

explore the design space thoroughly and do not involve any preference information [32]. 

Many researchers have shown that EOs perform well for global searching due to their 

capability of exploring and finding promising regions in the search space, but they take a 

relatively long time to converge to an optimum solution [29], [30], [33], [34]. However, 

only few studies utilized EOs to solve structural optimization 3D problems mostly focusing 

on steel frames. For example, Hasançebi et al. [35] utilized genetic algorithms, simulated 

annealing, evolution strategies, particle swarm optimizer, tabu search, ant colony 

optimization and harmony search to develop seven optimum design algorithms for real size 

rigidly connected and pin-jointed steel frames[36].  

As far as reinforced concrete frames are concerned, Akin and Saka studied optimum 

design of special seismic moment 2D RC frames under earthquake loads [37].  Fadaee and 

Grierson [38] optimized the cost of 3D skeletal structures using optimality criteria. They 
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proposed a computer-based method for the optimal design of three-dimensional reinforced 

concrete (RC) skeletal structures having members subjected to biaxial moments, biaxial 

shears and axial loads. Balling and Yao [39] optimized 3D concrete frames with a multi-

level method by decomposing the problem into a system optimization problem and a series 

of individual member optimization problems. Kaveh and Behnam [40] studied a charged 

system search (CSS) algorithm for the optimization of 3D RC frames. In all the 

aforementioned studies, the structural system variables were taken from databases, which 

are usually populated with a relatively small number of cross-section types and sizes.  

Since the computational burden of structural optimization for time history-loading 

is usually high, many studies have assumed a linear elastic behavior as well as static loading 

conditions for finding optimum design of the structures. It should be noted that although 

the dynamic response of structures can often be estimated by using an equivalent static 

lateral force procedure, the changes in dynamic response and the higher mode effects 

cannot be accurately considered through a simplified static analysis. Employing 

improvements in computing technologies, some investigations have been conducted on 

optimization incorporating dynamic response; however, most of these investigations are 

related to steel framed structures [41]–[47]. 

Dynamic response optimization for reinforced concrete framed structures has its 

challenges due to the presence of many structural system variables, large size of the search 

space, and many constraints [48]. More precisely, a reinforced concrete member can be 

analyzed with a semi-infinite set of member dimensions and different arrangements of 
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reinforcing bars. Moreover, in optimization of reinforced concrete structures, the cost of 

associated materials (i.e. steel, concrete, and formwork), which are closely linked together, 

should be considered. The optimization challenge increases if the designer wants to 

consider uncertainties related to material properties, geometrical dimensions, and loading 

conditions. These uncertainties are investigated by various researchers [49]–[51].   

Regarding dynamic blast loading, Hao et al. have provided extensive reviews on 

blast-resistant analysis of concrete structures [52]. Due to the difficulties in limiting peak 

stresses and strains in a structure subjected to high-energy, short-duration transient 

loadings, such as blasts, optimization of structures under such loadings is a challenging 

problem. Recently, Datta et al. presented robust structural system optimization (RDO) of a 

reinforced concrete frame subjected to stochastic blast-induced ground motion. They 

showed that the RDO procedure was generic enough and could be extended to large 

complex structures [53]. 

 

2.3. Machine Learning 

In recent years, Machine Learning (ML) and Artificial Intelligence (AI) have 

opened up new opportunities for use in traditional engineering problems [54], [55]. 

Machine learning mostly deals with the problems where paired examples, X → Y, exist. 

For the purpose of this dissertation, X and Y can be interpreted as features of the structure 

and the optimum solution, respectively. In this situation, the machine learning technique 

attempts to map G: X → !"   such that the translated domain !" is distributed identically to 
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Y. However, in the field structural engineering, the main challenge is the lack of adequate 

optimum data that is needed to train the algorithm. Therefore, seeking an algorithm that 

can learn to map between domains without paired input-output examples is crucial.   

To tackle the problems associated with the absence of paired training examples, 

Zue et al. used Cycle-Consistent Adversarial Networks in image-to-image transformation 

for learning to map between an input image and an output image in the absence of paired 

examples. However, in image-to-image transformation, both sides are images that can be 

compared. They simultaneously trained G : X → Y and another translator F: Y→ X with a 

cycle consistency loss such that F(G(x)) ≈ x and G(F(y)) ≈ y [56]. In this case, while paired 

data is not needed, there should be enough data in both datasets to train the models in each 

direction. However, in analysis of structural systems, there is no data set of optimum 

structures at the beginning that allows for half of the cycle in reverse direction to be trained. 

Moreover, constraints in structural systems can be satisfied with different set of variables. 

Therefore, the total cycle consistency loss could be minimized while F(G(x)) ≠ x. It worth 

reemphasizing that there is no room for any error when it comes to structures. Therefore, 

it was crucial to create an alternative algorithm to deal with complex systems by a few 

training paired data available.   

Sra et al. showed that learning from the available dataset combined with 

optimization can be applied to a wide range of complex, dynamic, and stochastic problems 

[57]. Mosavi et al. combined machine learning with optimization to increase the learning 
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ability of robots [58]. They concluded that the integration of ML and optimization 

dramatically increase the decision-making quality and learning ability in decision systems.  

As far as machine learning techniques that were implemented in reinforced concrete 

structures or assemblies are concerned, Jong‐Su Jeon et al. proposed probabilistic joint 

shear strength models using ML. They used the prediction model as joint response models 

for evaluation of earthquake performance and inelastic responses of building frames [59]. 

Nick et al. have used different machine learning techniques for identifying the existence 

and location of damage (k-means and self-organizing maps) and for identifying the type 

and severity of damage (support vector machines, naive Bayes classifiers, and feed-forward 

neural networks) [60]. Ni Hong-Guang and Wang Ji-Zong used multi-layer feed-forward 

neural network and presented a method for predicting 28-day compressive strength of 

concrete [61]. Dac-Khuong Bui et al. developed a model for determining the tensile 

strength of High-Strength Concrete. They selected neural network for their research due to 

the nonlinear relation between concrete strength and its components [62].  

In this dissertation, classification technique is used because the algorithm needs to 

correctly determine the class labels for unseen instances on the basis of previously observed 

optimum structural system data and suggests a specific class to the optimization for further 

constraints handlings. In this manner, the algorithm can begin to run with a few training 

data and as it is applied on different structures, it can consider the result for its future 

training data. Since the training data become more available, the performance improves 
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dramatically over time. Different classification methods such as decision tree, softmax, and 

nearest neighbors are investigated in this study.  

 

2.4. Material and Geometric Nonlinearity Models  

Three different approaches have been widely employed to model nonlinearity in 

the literature. These approaches are continuum finite element (FE) model, distributed 

plasticity model, and lumped plasticity model. While continuum FE model can generate 

the most detailed response, it needs accurate multiaxial constitutive material models and is 

computationally expensive. Moreover, Lu et. al. showed the result of continuum FE model 

may not be accurate for structures with limited flexural cracking and localization of strain 

before failure. Distributed plasticity model creates less accurate, but also less 

computationally expensive, results when compared to a continuum FE model. However, it 

is also time consuming for carrying out repetitive analysis. Lumped plasticity model 

simulates the nonlinearity by using plastic hinges that are assigned to their critical locations 

of the elements [63].  

In 2006, Inel et al. studied the effects of plastic hinge properties in nonlinear 

analysis of RC buildings [64]. They showed that plastic hinges are useful to accurately 

model the nonlinearity in RC structures.  Salgado et al. evaluated the performance of two 

nonlinear models with different complexities and one linear model with a concentrated 

plasticity approach [65]. They assessed the accuracy of the calculated responses using 

experimental results. They showed that while concentrated hinges can accurately model 
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the nonlinearity of the materials, significant portion of the total computational demand is 

saved in comparison to other two nonlinear models.  

In a plastic hinge, as is shown in Figure 2, five points labeled A, B, C, D, and E 

define the force–deformation behavior. The values assigned to each of these points vary 

based on the material properties, type of element, longitudinal steel, transverse steel, and 

the axial load level on the element. This dissertation used recommended values based on 

FEMA-356 for concrete elements [66]. 

 

 
Figure 2 Force–deformation relationship of a typical plastic hinge. 

 

IO, LS, and CP are three structural performance levels defined in FEMA-365, 

namely Immediate Occupancy, Life Safety and Collapse Prevention, respectively. In this 

dissertation, these levels are considered  to be 40%, 80% and 100% of the ultimate chord 
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rotation θu for beams and 25%, 75% and 100% for columns, the same values used by other 

researchers in the literature [64], [67]. For the hinge lengths, CSI analysis manual [68] 

recommends a moment-hinge length to be equal to the cross-sectional height. To consider 

the stiffness degradation based on the cracked conditions of the members, the moment of 

inertia of the beams and columns elements were reduced by factors of 0.35 and 0.7 as per 

ACI 318, respectively [1]. A damping ratio of 5% was used as per ASCE 41 [69] 

For geometric nonlinearity effects, P-delta, which is based on equilibrium 

compatibility relationships of a structural system loaded about its deflected configuration 

should be considered. P-delta can result large external forces upon relatively small 

displacements. Figure 3 illustrates two types of P-delta.  

 

 
Figure 3 P-∆ and P-δ effects  

 

P-δ effect, is associated with local deformation relative to the element chord 

between the end nodes. This type of P-delta can change the moment within the member or 

slightly reduce the buckling load. On the other hand, the P-∆ effect is associated with the 
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member ends displacements. This is much important for overall structure response under 

significant axial load. For example, gravity loads can significantly magnify the structural 

response under lateral load. Both P-∆ and P-δ effects are considered in this dissertation. 

 
 

2.5. Summary of Literature Review 

Although numerous sophisticated techniques such as machine learning, artificial 

intelligence, and optimization techniques have been developed over the years, real-world 

analysis of RC frames is investigated mainly using the traditional trial-and-error approach. 

The traditional approach usually does not yield economical structural sections while 

satisfying safety criteria [70]. This can be explained by the presence of various structural 

system variables, the large size of the search space, and availability of numerous constraints 

[48]. The consideration of progressive collapse exacerbates the complexity of the problem 

as multiple structural member removal scenarios must be considered. The implementation 

of optimum formulations for real-world RC structural problems requires significant 

computational effort because of the need for accurate numerical simulation and analysis of 

the structural system. Moreover, for considering progressive collapse, it should calculate 

response quantities, such as displacements and stresses, under various loading conditions 

and topology changes of the model. This large computational cost makes optimization 

procedures very difficult in analyzing real-world structures. 
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Table 1 and Table 2 summarize areas that are addressed by this dissertation 

compared to published research in the state-of-the art on progressive collapse and 

optimization of three-dimensional structures, respectively.  
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Table 1 On progressive collapse analysis of optimized three-dimensional concrete frames using a new 
simultaneous multi-column removal load path 

 
Min Liu[4] 

Alessandro 
Fascetti et al. 

[71] 

Marchand 
et. al [20] 

Ahmed 
et. al [72] 

Javad (this 
dissertation) 

Utilizing an optimization 
technique for progressive 
collapse 

Yes (Steel 
structures) 

No No No 
Yes (RC 

structures) 

Simultaneous multi-column 
removal load path 

No No No No Yes 

Include second-order (P–delta) 
effects 

No Yes No No Yes 

Analysis type and material 
modeling 

Linear 
static/  

non-linear 
dynamic 

Linear static/  
non-linear 
dynamic 

Linear 
static/ non-

linear 
dynamic 

Linear 
static 

Linear 
static/  

non-linear 
dynamic 

 

Table 2 On optimization of three-dimensional reinforced concrete frames 

 

Kaveh et. al., 
CSS and 

ECSS  
[73] 

Guerra et. al., 
Matlab 

[74] 

Pava et. al., 
Simulated 
Annealing 

[75] 

Kaveh et. 
al., HBB-BC 
/ HPSACO 

[48] 

Javad (this 
disertation), 

DMPSO 
 

Use of AI  No No No No Yes 
Use of Machine 
Learning 

No No No No Yes 

Constraint handling 
Constant 

coefficients 
Each element 

separately 
Feasible 

solutions only 
Uni-level 
nonlinear 

Multilevel 
nonlinear 

Unrestricted cross-
section dimensions 

No Yes Yes No Yes 

Structural integrity 
and constructability 
requirements 

Partial Partial Partial Partial Complete 

Analysis type 
Linear 

static/modal 
Linear static Linear static Linear static 

Linear static / 
Non-linear 

dynamic time 
history loading 

Axial load – 
Moment – Moment 
(PMM) interaction 
Diagram 

3D 
Curves 

Simplified 2D 
Curve 

Not 
mentioned 

Simplified 
2D curve 

3D surface (24 
curves in 

360°) 

Stiffness 
degradation Yes No No No Yes 
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As discussed previously, the subsequent chapters will address the six specific 

objectives of this research: 

• Objective 1: Investigate optimization algorithms that can be used for analyzing 3D 

reinforced concrete frames subjected to conventional static loadings (e.g. gravity 

and equivalent lateral force) in an efficient manner. This is presented in chapter 3. 

• Objective 2: Investigate machine learning, and AI algorithms to be combined with 

the selected optimization algorithm for enhancing the performance and efficiency 

of the algorithm and make it suitable for applying it on complex systems. This is 

presented in chapter 3. 

• Objective 3: Extend the algorithm for analyzing reinforced concrete frames 

subjected to conventional dynamic loadings (e.g. earthquake and blast loadings). 

This is presented in chapter 4. 

• Objective 4: Construct a finite-element model for analyzing progressive collapse 

building upon the conventional static and dynamics analyses models. This is 

presented in chapter 5. 

• Objective 5: Investigate how optimization and progressive collapse analyses can be 

integrated in a single computational framework. This is presented in chapter 5. 

• Objective 6: Apply the computational framework for progressive collapse analysis 

of the reinforced concrete frames that meets the structural system requirements for 

conventional static and dynamic loadings under objectives 1-3. This is presented in 

chapter 5. 
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3. INVESTIGATE OPTIMIZATION ALGORITHMS FOR ANALYZING 3D RC 
FRAMES SUBJECTED TO CONVENTIONAL STATIC LOADINGS 

This chapter presents the work completed in addressing the first and second 

objective of the research. As part of the integrated computational framework for 

optimization and progressive collapse analyses, there was a need to investigate, formulate, 

and validate an efficient optimization algorithm for analyzing 3D reinforced concrete 

frames that are subjected to conventional static loadings. 

3.1. Introduction 

Traditionally, finding the optimum solution of reinforced concrete structures is 

inhibited by challenges associated with structural complexity, large search spaces, and the 

presence of too many structural system variables, amongst other types of constraints. To 

address these challenges, through this study, an innovative optimization algorithm called 

DMPSO was formulated, which is able to consider various constructional and architectural 

system variables, thoroughly exploring large structural system spaces, and intelligently 

identifying optimal solutions. To accomplish this, the particle swarm optimization (PSO) 

algorithm is used to explore the structural system space accurately. An intelligent agent 

formulated based on ML and AI principles and called decision-maker (DM), proposes its 

preference to generate better posteriors based on suggested priors. This algorithm is shown 

to address automatic evaluation of structures effectively, compared to its traditional 

counterparts. It has shown a significant acceleration towards convergence rate and 

performed exceedingly well due to its ability to escape from the local minimum as the DM 
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component within the algorithm allows it to impose its preference intelligently. With the 

method formulated in this dissertation, the minimum restriction for variables, the modular 

sizes of members, standard reinforcement bar diameters, spacing requirements of 

reinforcing bars, architectural requirements and other practical requirements, in addition to 

other relevant analysis and design provisions, are obtained directly to provide as-built 

optimum solutions. Furthermore, 3D reinforced concrete benchmark case studies were 

evaluated using DMPSO and the results were compared with other algorithms found in 

literature. The numerical results showed that the proposed DMPSO algorithm performed 

better than other established EO and hybrid EO algorithms that are frequently used in 

structural optimization in terms of convergence speed without sacrificing the quality of the 

results [76]. Details of the DMPSO algorithm and its application on static analysis of 

three-story and seven-story buildings are discussed in this chapter.1 

 

3.2. Formulation of Optimization Problem for 3D Reinforced Concrete Frames 

Equation 1 shows a general structural optimization problem.  

 

Equation 1 General structural optimization problem 
min
	"∈ℝ!

'()) 	 											, = [)%, … , )&]' 		

2((,) ≤ 0,												5 = 1,… ,7	
,) ≤ , ≤ ,*                                                                                                                                                         

 

 
1 The findings are published in Advances in Engineering Software  [76] 
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where ) is a vector of n structural system variables, '()): ℝ& → 	ℝ is the objective 

function which returns a scalar value to be minimized (usually the cost or the weight of the 

frame), the vector function 2(,): ℝ& →	ℝ+ returns a vector of length 7 containing the 

values of the inequality constraints evaluated at ), and ,), ,* are two vectors of length : 

containing the lower and upper bounds of the structural system variables, respectively. The 

above mathematical formulation contains only inequality constraints, as equality 

constraints are usually not found in the case of structural optimizations.  

Equation 2 shows a typical constraint k in a structural optimization problem. 

 

Equation 2 A typical constraint k 
2((,) = |<,())| − <-../0,, 

 

where <,()) is a response measure for analysis and design ) and <-../0,, is its maximum 

allowable absolute value. 

In structural optimization problems, the objective function is generally described 

as the weight or total cost of the structure. When total cost is the case, the costs of concrete, 

steel and labor is considered. However, when the objective function is the total weight of 

the structure, only the weight of concrete and steel are included in the problem. Equation 

3 shows the objective function. 
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Equation 3 Objective function 
'234 = >?@5 + >?@6 + >?@7 

 

where >?@5 , >?@6, and	>?@7 are the cost of concrete, the cost of reinforcing steel bars, and 

the cost of labor (includes labor and placement), respectively, when the objective function 

is defined as a total cost of the frame. Otherwise, >?@5 	D:E	>?@6 are the weight of concrete, 

the weight of reinforcing steel bars, respectively. In this case,  >?@7  is considered to be 

equal to zero.  

Equations 4-6 show the costs of each cost components when the objective function 

is defined as a total cost of the frame. 

 

Equation 4 Objective function for concrete material  

>?@5 = F8 GH ?9 . E9 . J&		#$%&'(,*

:#$%

9;%

+ H ?0	+ . ℎ4 . J3<-+	+

:,-.'

4;%

L 

 

Equation 5 Objective function for steel material 

>?@6 = F6. M6. GH 	 H N=>		+ . J3-?		+ +	

:,./,*

4;%

:#$%

9;%

H H N=@		0 . J>9<	0 +	
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,;%
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9;%
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Equation 6 Objective function for casting and formwork  

#$%2 = '2 () 	+2($3 +	ℎ3)	. 24		"#$%&',) 	3 +
5"#$

367

) 	+4$8	* + 2ℎ95	. 2:;<=	* 	3
5+,-&

967

−) 	$> +	7>
5"#$

>67

8 

 

where O5/. , O3<-+ , ?, E, ?0 , ℎ, J, and J& are the number of column members, the number 

of beam members, the width of column section, the depth of column section, the width of 

beam section, the height of beam section, the length of the members, and the length of clear 

span measured face-to-face to the supports, respectively; F8  , F7 and F6 are unit cost of the 

concrete, the labor and the steel, respectively; N6> , J3-? , and O3-? are the area, the length 

and the number of longitudinal reinforcement bars placed in the member while N6@ , J>9< , 

and O>9< are the area, the length and the number of shear reinforcement bars (ties) used in 

the member respectively; and M6 is the density of steel reinforcements (kg/m3). A typical 

beam and a typical column with the considered splices details are shown in Figure 4. 
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Figure 4 Typical beam and column details. 
 

3.3. Efficient Optimization Algorithm – DMPSO 

In PSO formulation, multiple candidate solutions, called particles, fly through the 

problem search space looking for the optimal position. Each particle has a position and a 

velocity in the multidimensional solution space [76]. It is expected that the swarm moves 

toward the best solutions. However, metaheuristics such as PSO do not guarantee that an 

optimal solution is ever found. On the other hand, reinforced concrete frame optimization 

problems are well known for their time-consuming process due to the presence of many 

system variables, large size of the search space, and various constraints that must be 

satisfied simultaneously. Consequently, in this dissertation, a supplementary algorithm was 

developed based on the concept of multi-criterion decision-making, machine learning, and 

AI, called DM, and was combined to a PSO algorithm to accelerate convergence toward 

the optimum solution. The DM algorithm plays major roles within the DMPSO algorithm. 



29 

 
 

 
 

 

It examines the results in each iteration and identifies what kind of changes in the system 

variables would lead to a more preferred solution.  

Figure 5 illustrates the basic concept of the particle movement in PSO versus 

DMPSO. As shown in the figure, each particle in PSO only searches for the best solution 

according to its own best experience, and the best solution is determined by all particles 

[77]. However, in optimization of structures, the most important consideration is that the 

structure should be stable without element failure. An experienced structural engineer can 

indicate what kind of changes in the system variables would lead to a more preferred 

solution. For instance, if demand to capacity ratio of a member is several times higher than 

1, the acceptable solution for fixing this problem may be increasing the cross-sectional 

dimensions of the reinforced concrete section or the amount of the reinforcing steel in the 

reinforced concrete section. However, a human DM cannot be available and actively 

participate in the solution process and directs it according to the preferences in the entire 

process of an optimization. The DM algorithm functions like an experienced structural 

engineer.  

More details regarding how the DM is formulated and operates, and how it is fused 

with PSO, are discussed in the following sub sections.  
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Figure 5 Basic concept of particle movement in PSO versus DMPSO 

 

3.3.1. Use of Machine Learning and AI to Empower the DM 

DMPSO uses an informed strategy and the knowledge beyond the definition of the 

problem itself, to empower PSO optimization algorithm and accelerate convergence 

toward the optimum solution. The DM formulation in this dissertation, which is inspired 

by Bayes’ theorem, seeks the probability of a member not failing given the geometry and 

loading condition of the structure. Bayes’ theorem is stated mathematically by equation 7.  

 

Equation 7 Bayes’ theorem 

P(N|Q) = 	
P(Q|N)P(N)

P(Q)
 

 

DM	
(AI	and	ML)	

PSO DMPSO 
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Where A and B are events. P(N|Q) and P(Q|N) are conditional probabilities, the 

likelihood of event A occurring given that B is true and the likelihood of event B occurring 

given that A is true, respectively, and P(N) and P(Q) are the probabilities of 

observing A and B respectively. The probability of geometry and loading given that 

member specification can be determined from previously analyzed optimum structures. 

Accordingly, DM implements machine learning to find the most probable structural 

member according to the geometry, loading condition and location of the member. 

However, for incorporating dependencies, Bayesian theorem needs fundamental 

assumptions about dependence and independence between system variables. Therefore, 

determining the marginal in the Bayes theorem is computationally expensive. As a result, 

alternative machine learning methods are investigated.  

The DM algorithm can also ignore a solution at any point of the computation 

process where it perceives that a better fitness cannot be produced. For this purpose,  the 

principle of pruning from AI was adopted in this dissertation, which allows the DM 

algorithm to ignore portions of the search space or analysis that make no difference to the 

final choice. The heuristic evaluation functions allows us to estimate the objective function 

without doing a complete analysis. When pruning is applied to a standard search tree, it 

returns the same move as a search would, but it prunes away branches that cannot possibly 

influence the final decision. This suggests that it is worthwhile to examine first the 

successors that are likely to be optimum solution. Consequently, the computational 
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resources will not be wasted since only such optimal solutions, which are of interest to the 

DM, are generated. 

To equip the DM the machine learning power, different ML methods were 

investigated. The overall steps involved in using are described below. 

 The first step was the collection and preparation of the training data set. Since there 

was no training data available at this stage, a small sub-set of structures were selected, and 

the optimization algorithm was used for producing the training set. These small sub-set of 

structures were later used to produce more complex training sets. Then, the behavior of 

640 more complex structures and they were considered as the training data. For each 

structure, the structure was separately optimized for 10 random column removal scenarios. 

The goal was to classify the best cross section for the elements under different loading 

conditions. For this purpose, three separate machine learning models were trained. Table 3 

summarizes the details of these ML models. 

 

Table 3 Details of the ML models 
 Model 1 Model 2 Model 3 

Fe
at

ur
es

 

- Number of bays in each direction - Element type - Element type 
- Maximum bay span in each 

direction 
- Maximum adjacent bays length at 

the element - Sum of two adjacent bays at the element 

- Number of stories - Moment and shear of the element - Moment and shear of the element after 
removal scenarios 

- Dead load, - Top and bottom connected beams, - Top and bottom connected beams height, 

- Live load - The number of stories above the 
element - The number of stories above 

- Seismic parameters - The number of stories below the 
element. 

- The number of stories below the removed 
element. 

U
sa

ge
 

Initial randomized section at the 
beginning 

Optimum separate elements based on 
conventional loading 

Optimum separate elements based on for 
the removal scenario 
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The first model related the final result of the average size of optimum elements in 

each story to the overall geometry feature of the structure, including number of bays in 

each direction, maximum bay span in each direction, number of stories, dead load, live 

load and seismic parameters. This model was only used in the first iteration to generate 

initial randomized section at the beginning.  

The second and third models connected the output of the optimum separate 

elements to its learning feature for the whole structure and removal scenario cases, 

respectively.  The following learning features for these models were considered: element 

type, actual bay length, moment and shear of the element before and after removal 

scenarios, top and bottom connected beams, and the number of stories above and below 

the removed element.  

To streamline the problem for ML and to avoid overfitting, the class of the sections 

for columns and beams were restricted to 8 and 6 sections, respectively. They are shown 

in Figure 6 and Figure 7.  Rectangular cross-sections are deliberately considered with 

100mm difference in width and height to have the best arrangement of the classes covering 

most of the results. This is described in detail later under subsection 3.3.1.4 (Metrics and 

Performance Evaluation) of the dissertation. 

For the beams, cross sectional dimensions and the location of the rebar, which 

determines whether the bending is negative or positive, were considered as variables. The 

corresponding reinforcement amount was calculated and placed later based on the strength 

requirements.  
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It is worth noting that the above restrictions did not affect the final results because 

the initial guess from ML are fed to the optimization algorithm that has no restriction on 

its variable. In other words, these initial guesses show the preference of the DM to the 

optimization algorithm and guide it to finding the better solution.  

 

 
Figure 6 Different section classes for columns in the ML classification problem 
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Figure 7 Different section classes for beams in the ML classification problem 

 

For identifying the best ML method that will be integrated with the optimization 

algorithm in this research, the following ML methods were investigated.  

 

3.3.1.1. Nearest Neighbor: 

In this classification, the K-nearest-neighbor (KNN) density estimation method [75] 

is applied to each class followed by employing Bayes’ theorem. For the sake of clarity, 

consider a data set comprising Nk members’ cross section in class Ck with a total of N 

points. To classify a new structural element x, a sphere centered on x can be drawn in the 

feature space, precisely holding K elements’ cross section regardless of their class. Suppose 
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this sphere contains Kk member from class Ck. The posterior probability of selecting a 

structural element’s cross section can be obtained by applying the Bayes’ theorem. 

 

Equation 8 Posterior probability of K-nearest-neighbor 

R(F,) = 	
P()|F,)R(F,)

R())
= 	
S,
S

 

 

In KNN formulation, the cross section with the largest posterior probability should 

be assigned to element x to minimize the probability of misclassification. However, in this 

dissertation, the classes are not very restricted. Therefore, when the algorithm needs to find 

an appropriate cross section for a new element, it can identify the K nearest similar 

members from the training data set of optimum structures and then assign a cross section 

with the average of variables from the KNN. In this case, it is crucial to find the best K for 

the problem. Small Ks result in many small regions of each class and make the model more 

biased. On the other hand, large Ks leads to fewer larger regions which may affect the final 

result.  

 

3.3.1.2. Softmax Classifier: 

 Softmax classifier [78] is the generalization of binary Logistic Regression 

classifier to multiple classes. Softmax classifier uses a linear classifier for mapping and 

generating scores as the unnormalized log probabilities for each class with cross-entropy 

loss that has the form shown in Equation 9: 
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Equation 9 Posterior probability of K-nearest-neighbor 

J9 = log	 W
X7?*

∑ X7+4
Z 

 

where fj is the j-th element of the vector of class scores f. The use of the exponential 

scores gives the (unnormalized) probabilities, and the division for normalization purpose. 

This will ensure that the sum of the probabilities is one. The stochastic gradient decent is 

used for training. Here the best section that has the highest probability for the 

corresponding element was sought. The data was trained in mini batches of 16.  

 

3.3.1.3. Decision Tree Classifier: 

Decision tree classification algorithms [79] have a significant potential for a variety 

of problems and have been used in civil engineering applications. There are different 

measures that can be utilized to determine the best way to split between classes. Gini index 

and entropy were used for selecting the best split based on the degree of impurity of the 

child nodes. Binary decision tree with depths 5 and 6 were tested.  

 

3.3.1.4. Metrics and Performance Evaluation 

The data set used in this research is divided into 3 different groups: training, 

validation, and testing. The training dataset was used to train models with various hyper 

parameter values. Then the validation dataset was used to find the parameter values that 
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work the best. To validate the model, a 5-fold cross validation was used. After that, the 

training and validation datasets were used to train the final model.  

Evaluation presented a major challenge in this study. Consider a single column 

under pure compression loading. This column can be designed with different cross sections 

that can satisfy the stability requirements of the structure. Since the optimization does not 

guarantee the global optimum in a complex system, it was needed to accept near-optimum 

solutions in the evaluation. Moreover, the element classes of the final result did not exactly 

match the output of machine learning classes. In another words, for machine learning 

outputs, only 8 classes were considered for the columns and 6 classes for the beams, while 

the final result of the optimum structure does not have any restriction and the dimensions 

of the elements might change through the optimization process. Therefore, if the structural 

requirements were only checked, all overdesigned solutions would pass the evaluation 

criteria. On the other hand, if the optimum solution was only checked, the accuracy would 

be very low. This issue was addressed by finding the nearest neighbor of the actual sections 

of the structure and our class samples with one increment threshold for accepting the result. 

It should be emphasized that finding the final optimum solution was not the goal of 

this step but rather keep the variables within an acceptable range of the initial guesses. 

Later the optimization algorithm would find the best optimum solution. Therefore, different 

hyperparameters and methods were investigated, and the best parameters was selected for 

integrating it with the optimization algorithm. The comparison of the results is illustrated 

in Figure 8. 
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Figure 8 Box plot of different hyper parameters 

 

The number and size of rebars in each direction of the concrete section presented a 

challenge because specific required rebar area could be placed in several arrangements. As 

an example, 450 mm2 of required rebar area can be satisfied by using 6-D10, 4-D12, or 2-

D25 bars. The results can be improved by only considering the cross-sectional dimension 

parameters and the overall required area of the rebar for the section with 10 percent 

threshold for the columns and the beams. Later, when this section is ready to be fed to the 

optimization algorithm, the overall required area would be converted to the best 

arrangement for the rebars size and numbers in each direction, for that specific section. 

This approach dramatically improved the results obtained as shown in Figure 9. 
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Figure 9 Box plot when only cross sectional dimensions were considered as variables 

 

The KNN-5 method was selected in this dissertation based on the detailed 

investigation of the ML methods described above.  

 

3.3.2. The Integration of DM with PSO 

The integrated framework of the DMPSO algorithm is shown schematically in 

Figure 10 and Figure 11.  
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Figure 10 Flowchart of the optimization by DMPSO algorithm. 
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Figure 11 Flowchart of decision maker empowered by Machine Learning (ML) 
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The DMPSO adjusts its velocity and position according to its own experience, the 

experience of neighboring particles, and the preference of the decision maker by employing 

Equation 10 and Equation 11: 

 

Equation 10 Velocity for finding a new particle 

[4(\ + 1) = ][4(\) + ^%_%⨀a)A3,4 − )4(\)b + ^B_B⊙ a)C3,4 − )4(\)b + ^D_D

⊙ a)EF,4 − )4(\)b 

 

Equation 11 Position of the new particle 
)4(\ + 1) = )4(\) + [4(\ + 1) 

 

where vG(t)	and	 xG(t)	represent the velocity and the position vectors of particle	@ 

at time \, respectively. The term ] is the inertia force, a scaling factor employed to control 

the exploration abilities of the swarm. Vector xHI,G	denotes the personal best position which 

is recorded by particle j,	vector xJI,G is the global best position obtained by the entire swarm 

up to the current iteration, and vector xKL,G indicates the position of preference of the 

decision maker in the search space. The acceleration coefficients c% and cB, and cD are 

coefficients which control the impact of the particle's own experiences, the other particles' 

experiences and the decision maker’s preference on the trajectory of each particle, 

respectively. r%, rB, rD are three random vectors with uniformly distributed numbers in the 

interval [0, 1]. The symbol “⨀” is the element-wise product of two vectors. For PSO, the 

two acceleration coefficients (c1 and c2) and the minimum and maximum value of inertial 
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factor (wmin and wmax) were taken as 2.025, 2.025 and 0.4, 0.9, respectively [80], [81]. The 

acceleration coefficient for DM, c3, was initially taken as 2.025 (the same as c1 and c2) and 

decreased over iterations.  Therefore, for first few iterations, the algorithm mostly relies on 

the DM. To ensure the functionality, if the demand to capacity ratio of a member deviates 

by 50% in optimization process, the DM algorithm suggests its preference, such as 

increasing or decreasing a relevant parameter, to the DMPSO algorithm.  

The DM algorithm gathers statistics from a database of previously analyzed 

structures to determine members most often lead to an optimum stable structure. In the 

early iterations, there are few stable choices among the large number of possible variables. 

Thus, the DM commentary based on past structures has higher impact on DMPSO. Usually 

after the first 100 iterations, the DMPSO algorithm mostly relies on optimization rather 

than the DM preference. 

The velocities of particles in each dimension	j	(j	 = 	1, . . . , :)	 are restricted to a 

maximum velocity	[9
+-M. The vector	[9

+-M determines the maximum change each 

dimension can undergo in its positional coordinates during an iteration. It is more 

appropriate to use a vector rather than a scalar, as in the general case different velocity 

restrictions can be applied for different dimensions of the particle [82]. However, providing 

that the particle moves outside the bounds for a dimension j after the position update,  

)9 ≤ )N	k_	)O ≥ )9 , the structural system variable )9 limits the closest bound, 

)9 = )N	k_	)9 = )O .   
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3.4. Constraints  

Constraints derived from the provisions of ACI 318 [1] for intermediate moment 

reinforced concrete frames are strength, serviceability, ductility and other supplementary 

constraints. Specifically, the constraints considered for the RC members can be categorized 

into two main categories. The first category comprises constraints on the load-carrying 

capacities of the sections, clear spacing limits between reinforcing bars, and the minimum 

and the maximum reinforcement areas. The second category consists of constraints 

defining architectural requirements, constructability issues, and detailing practices. These 

include the minimum and the maximum dimensions of the member’s section, the maximum 

aspect ratio of the section, the maximum number of reinforcing bars and rebar detailing 

requirements. The constraints, which can be imposed to column groups, beam groups or 

joint regions, are expressed in a normalized form in the following sections.  

3.4.1. Constraints for Beam Groups 

At every section of a flexural member where tensile reinforcement is required by 

analysis, the tension area of longitudinal steel reinforcement, 	N6, should satisfy the 

minimum and the maximum requirements [1]. It should be noted that these minimum and 

maximum tensile reinforcement requirements are required for both positive and negative 

moment regions. Equation 12 and Equation 13 show these constraints. 

 

Equation 12 Constraint for minimum area of tensile reinforcement  

m3%()) =
N6,+9&,9	
N6,9

− 1 ≤ 0										j = 1,… ,O3<-+ 
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Equation 13 Constraint for maximum area of tensile reinforcement 

m3B()) =
N6,9

N6,+-M,9
− 1 ≤ 0												j = 1,… ,O3<-+ 

 

where  j  is an index representing the number of the beam and O3<-+ is the total number 

of beams. The minimum area of reinforcement is a function of the width, ?0, and the 

distance from extreme compression fiber to centroid of longitudinal tension reinforcement 

of the beam section, E. The maximum amount of reinforcement is calculated according to 

the fact that the net tensile strain in the extreme tension steel, εt, should be equal to or 

greater than 0.005 when the concrete in compression reaches its assumed strain limit of 

0.003. 

A minimum area of shear reinforcement,	NP,+9&, shall be provided in all reinforced 

concrete flexural members where 	nQ	 exceeds	0.5∅n5. Equation 14 shows this constraint. 

Note than Av,min is a function of the spacing between stirrups, yield strength of reinforcing 

steel and the width of the section. 

 

Equation 14 Constraint for minimum area of shear reinforcement 

m3D()) =
NP,+9&,9	
NP,9

− 1 ≤ 0										j = 1,… ,O3<-+ 
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The minimum clear spacing between parallel bars in a layer should be greater than 

the maximum of the nominal diameter of bars Φ. and 25 mm. However, for constructability 

requirements, the minimum free distance between the longitudinal bars was considered 

as	r3 = 4077. For cases where parallel reinforcement was placed in two layers, bars in 

the upper layers were placed directly above bars in the bottom layers with a clear distance 

of 25 mm. Equation 15 shows this constraint. 

 

Equation 15 Constraint for minimum clear spacing between parallel bars 

m3R()) =
r3,+9&	
r3,9

− 1 ≤ 0												j = 1,… ,O3<-+ 

 

The spacing between stirrups, rP , should satisfy the maximum requirements [1] as 

shown in Equation 16. 

 

Equation 16 Constraint for maximum clear spacing between stirrups  

m3S()) =
rP,9	

rP,+-M,9	
− 1 ≤ 0										j = 1,… ,O3<-+ 

 

In this dissertation, the minimum spacing between stirrups, 		rP , is limited to 50mm 

because of constructability requirements. The corresponding constraint is given in 

Equation 17. 
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Equation 17 Constraint for minimum clear spacing between stirrups  

m3T()) =
rP,+9&	
rP,9

− 1 ≤ 0											j = 1,… ,O3<-+ 

 

The height of the beams, ℎ, should be greater than the allowable minimum height 

for beams, 	ℎ+9&,	and less than the maximum height limit value given for beams, 	ℎ+-M. 

These constraints are shown in Equation 18 and Equation 19. 

 

Equation 18 Constraint for minimum height of the beam  

m3U()) =
ℎ+9&,9	
ℎ9

− 1 ≤ 0										j = 1,… ,O3<-+ 

 

Equation 19 Constraint for maximum height of the beam  

m3V =
ℎ9

ℎ+-M,9
− 1 ≤ 0																	j = 1,… ,O3<-+ 

 

The minimum height limit is a function of the length of clear span of the beam 

measured face-to-face to the supports and its ends connection conditions. The maximum 

height limit value should be defined for each problem separately according to its 

architectural requirements.  

For each section of the beams, the negative and the positive reduced moment 

strength of the section	∅t&, should be greater than the factored moment force at the 

section, tQ. Besides, the positive moment strength at any end (support) of the 

beams, t&,<&W
X, should be not less than one-third the negative moment strength, t&,<&W

Y. 
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Furthermore, neither the negative nor the positive moment strength at any section along 

the length of the beam	, t&
X, t&

Y, should be less than one-fifth the maximum moment 

strength at the ends of the beams, t&,<&W. Equation 20 - Equation 23 show all constraints 

related to the moment strength of the sections.  

 

Equation 20 Constraint for reduced moment strength 

!!" =
#$#(%,',()#
#∅$*,%#

− 1 ≤ 0					+ = 1,… ,.!+,-				/ = 1,… ,../,012/-!%*,3%/*					0 = 1,2 

 

Equation 21 Constraint for positive moment strength at any end of the beam  

m3%Z =
u13t&,<&W,9

X
u

wt&,9
Xw

− 1 ≤ 0										j = 1,… ,O3<-+ 

 

Equation 22 Constraint for positive moment strength at any section along the length of the beam  

m3%% =
x15t&,<&W,9x

wt&,9
Xw

− 1 ≤ 0										j = 1,… ,O3<-+ 

 

Equation 23 Constraint for negative moment strength at any section along the length of the beam 

m3%B =
x15t&,<&W,9x

wt&,9
Yw

− 1 ≤ 0										j = 1,… ,O3<-+ 

 

where k represents the negative moment and positive moment 

conditions.	O./-WY5/+39&->9/& is the total number of load combinations. 
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For each section of the beams, the shear force capacity, 	∅n&, should be greater than 

the factored shear force at the section, 	nQ. In addition, the factored shear force at the 

section, 	nQ, should be less than allowed maximum shear force capacity, n+-M . 

Furthermore,	∅n& of beams resisting earthquake effect, E, should be greater than the 

allowed minimum shear force capacity, n+9&. The corresponding constraints are given in 

Equation 24 - Equation 26. 

 

Equation 24 Constraint for shear force capacity 

!!45 =
#2#(%,')#
#∅2*,%#

− 1 ≤ 0										+ = 1,… ,.!+,-															/ = 1,… ,../,012/-!%*,3%/* 

 

Equation 25 Constraint for maximum allowed shear force capacity 

!!46 =
#2#,%,'#
|∅2-,7|

− 1 ≤ 0										+ = 1,… ,.!+,-															/ = 1,… ,../,012/-!%*,3%/* 

 

Equation 26 Constraint for minimum allowed shear force capacity  

!!48 =
|2-%*|
#∅2*,%#

− 1 ≤ 0										+ = 1,… ,.!+,- 

 

It should be noted that constraints Gb1, Gb2, …, Gb8 do not need finite element 

analysis for their calculation. However, the remaining constraints of the beams need finite 

element analysis.    
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3.4.2. Constraints for Column Groups 

The width, ?, and the height, ℎ, of a column section should not be less than the 

minimum dimension limits given for columns. Equation 27 and Equation 28 show these 

constraints. 

 

Equation 27 Constraints for minimum width of a column 

m5%()) =
?+9&,9	
?9

− 1 ≤ 0										j = 1,… ,O5/.Q+& 

 

Equation 28 Constraints for minimum height of a column 

m5B()) =
ℎ+9&,[	
ℎ9

− 1 ≤ 0										j = 1,… ,O5/.Q+& 

 

where  j  is an index representing the number of the columns and O5/.Q+& is the 

total number of columns. The minimum width, b+9&, and height, ℎ+9&, should be defined 

for each problem separately according to its architectural requirements.  

The area of longitudinal reinforcement, N6>, in a column section should be between 

the minimum and maximum limits, N6>,+9&, permitted by building specifications [1] which 

currently are 1 and 8 percent of the gross area of concrete section, respectively. The 

corresponding constraints are given in Equation 29 and Equation 30. 
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Equation 29 Constraint for minimum area of longitudinal reinforcement of columns 

m5D()) =
N6>,+9&,9	
N6>,9

− 1 ≤ 0										j = 1,… ,O8/.Q+& 

 

Equation 30 Constraint for maximum area of longitudinal reinforcement of columns  

m5R()) =
N6>,9

N6>,+-M,9
− 1 ≤ 0										j = 1,… ,O8/.Q+& 

 

The spacing between longitude steel reinforcements, r5 , should satisfy the 

minimum and maximum requirements permitted by building specification [1], r5,+9&	and 

r5,+-M, as well as any imposed constructional limits (r5,+9&	 = 4077); These constraints 

are given in Equation 31 and Equation 32. 

 

Equation 31 Constraint for minimum spacing between longitudinal steel reinforcements in columns 

m5S()) =
r5,+9&	
r5,9

− 1 ≤ 0										j = 1,… ,O5/.Q+& 

 

Equation 32 Constraint for maximum spacing between longitudinal steel reinforcements in columns  

m5T()) =
r5,9	
r5,+-M

− 1 ≤ 0										j = 1,… ,O5/.Q+& 
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A minimum area of shear reinforcement,	N6@,+9&, should be provided in all 

reinforced concrete flexural members where factored shear force at section, nQ,  exceeds 

0.5∅n5 as shown in Equation 33. 

 

Equation 33 Constraint for minimum area of shear reinforcement of columns 

m5U()) =
N6@,+9&,9	
N6@,9

− 1 ≤ 0										j = 1,… ,O5/.Q+& 

 

The spacing between stirrups, r5P , should satisfy the maximum requirements 

permitted by building specifications, r5P,+-M [1]. It should be noted that 	r5P,+-M, which is 

a function of the cross-section dimensions and diameter of longitudinal or transverse steel 

reinforcements, differ along the column. Also, the minimum spacing between stirrups of 

the columns, r5P,+9&	, is limited to 50mm because of constructability requirements. 

Equation 34 and Equation 35 show the corresponding constraints.  

 

Equation 34 Constraint for maximum spacing between stirrups of columns 

m5V()) =
r5P,9	

r5P,+-M,9	
− 1 ≤ 0										j = 1,… ,O5/.Q+& 
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Equation 35 Constraint for minimum spacing between stirrups of columns  

m5\()) =
r5P,+9&	
r5P,9

− 1 ≤ 0										j = 1,… ,O5/.Q+& 

 

For each section of the columns, the strength capacity of the section, z&, should be 

greater than the stress of the applied force, zQ, as shown in Equation 36. 

 

Equation 36 Constraint for strength capacity of columns 

9@7A(:) =
;<	B(3,9)	;
;<4,3	;

− 1 ≤ 0										@ = 1,… ,C@EFB=4															% = 1,… ,CFE<GH@E=:34<I3E4 

 

The strength of the columns should be obtained by the interaction surface, which is 

numerically described by a series of discrete points generated on the three-dimensional 

interaction failure surface. For each section of the column, the point from the applied force 

and moments should lie within the interaction surface. In this study, to approximate the 

surfaces with acceptable accuracy, 11 interaction points for each curve was considered. 

Furthermore, 24 interaction curves were applied to obtain the whole surface. Figure 12 

shows a typical interaction diagram. Furthermore, for compression members not braced 

sideways, the slenderness effects can be neglected, when klu/r < 22 [1]. When slenderness 

effects are not neglected, the design of compression members, restraining beams, and other 

supporting members shall be based on the factored forces and moments from a second-

order analysis. The robust application in this dissertation incorporates second-order effects. 
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Figure 12 A typical column interaction surface (-P0 is axial tension and +P0 is axial compression force). 

 

For each section of the columns, the shear force capacity, 	∅n&, should be greater 

than the factored shear force at the section, 	nQ. In addition, the factored shear force at the 

section, 	nQ, should be less than the maximum allowable shear force capacity, n+-M . In 

addition to the 	∅n&  exceeding 	nQ, building specification may impose minimum limits. For 

example, for columns resisting earthquake effect, {, should be greater than the allowed 
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minimum shear force capacity, n+9&. Equation 37 - Equation 39 show the corresponding 

constraints. 

 

Equation 37 Constraint for shear force capacity of columns with respect to factored shear force capacity  

!244 =
#2#(%,')#
#∅2*,%#

− 1 ≤ 0										+ = 1,… ,.2/.#-*9															/ = 1,… ,../,012/-!%*,3%/* 

 

Equation 38 Constraints for imposed minimum shear force capacity of columns  

!24: =
#2#,%,'#
|∅2-,7|

− 1 ≤ 0										+ = 1,… ,.2/.#-*															/ = 1,… ,../,012/-!%*,3%/* 

 

Equation 39 Constraints for minimum shear force capacity of columns 

!245 =
|2-%*|
#∅2*,%#

− 1 ≤ 0										+ = 1,… ,.2/.#-* 

 

It should be noted that constraints Gc1, Gc2, …, Gc9 do not need finite element 

analysis for their calculation; while, Gc10, …, Gc13of columns will require results from finite 

element analysis.    

 

3.4.3. Constraints for Joints 

At frame joints, the width of beams, ?0, should be smaller than the corresponding 

dimensions of the intersecting columns, E5. Furthermore, at the joints with two columns, 

the cross-sectional dimensions of bottom column, 	?3	and	E3 , should be equal or greater 
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than the corresponding cross-sectional dimension of the top column, ?>	D:E		E>. Equation 

40 - Equation 42 show the corresponding constraints. 

 

Equation 40 Constraint for width of beams to width of column at joint 

m4%()) =
?0,9	
E5,9	

− 1 ≤ 0										j = 1,… ,O4/9&> 

 

Equation 41 Constraint for width of bottom and top column at joint 

m4B()) =
?>,9	
?3,9	

− 1 ≤ 0										j = 1,… ,O4/9&> 

 

Equation 42 Constraint for depth of bottom and top column at joint 

m4D()) =
E>,9	
E3,9	

− 1 ≤ 0										j = 1,… ,O4/9&> 

 

where O4/9&> is the total number of joints of the frame. 

The story drift, ∆, should not exceed the allowable story drift, ∆- , as shown in 

Equation 43, 

 

Equation 43 Constraint for allowable story drift 

m4R()) =
∆	9	
∆-,9	

− 1 ≤ 0										j = 1,… ,O6>/?] 

 

where O6>/?] is the total number of stories in the frame. 
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In this dissertation, the elastic drifts were determined using lateral forces that are 

based on the exact computed fundamental period of the structure without any upper limit 

according to ASCE 7 [83]. It should be noted that constraints Gj1, Gj2, and Gj3 do not need 

finite element analysis for their calculation whereas, Gj4 requires finite element analysis.    

3.4.4. Constraint Handling 

The PSO algorithm mainly focuses on finding an optimum solution in 

unconstrained problems. Methods that have been previously proposed for handling 

constraints can be grouped into four categories: (i) methods based on preserving feasibility 

of the solutions; (ii) methods based on penalty functions; (iii) methods that search for 

feasibility; (iv) other hybrid methods [84].  

While different constraint-handling techniques are implemented in literature [85], 

this dissertation proposes a nonlinear penalty approach in which some levels of violation 

for each constraint are defined. If any of the constraints are violated, a penalty, whose value 

is related to the degree of the violated constraint, is applied to the objective function as 

shown in Equation 44 - Equation 47.  

 

Equation 44 Total penalty for violated constraints 

| = H },())

:1$1.%

,;%

 

 

Equation 45 Penalty for each violated constraint 
},()) = ^ × (m,()))B 
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Equation 46 Coefficient for penalty of violated constraints 

^ →

⎩
⎨

⎧
0																																							j'	m9()) ≤ 0																	
1																																							j'	0 < m9()) ≤ 0.01			
2																																							j'	0.01 < m9()) ≤ 0.1
10																																					j'	m9()) > 0.1															

 

 

Equation 47 Penalized objective function 
'A<&-.9^<W234 = '234 ∗ (	| + 1) 

 

where | is the total penalty value, O>/>-. denotes the total number of constraints, }M 

represents the penalty function, m,()) is the typical constraint 5 and 'A<&-.9^<W234 is the 

penalized objective function. 

Considering the fact that much of the computing time is spent on solving the 

structural analysis calculation, the DMPSO algorithm first checks the constraints which do 

not require finite element analysis for their calculation and simultaneously computes the 

penalty of the unsatisfied constraints. In each step, the DM checks the possibility of 

obtaining better fitness. Whenever it perceives that the penalized objective function cannot 

obtain a better value compared to the global optimum,	Gb, found by the entire swarm until 

iteration step t, it will ignore the rest of the calculation and will assign a value which is 

greater than the local best, Pb, and the global best, Gb, to the fitness. This assures that the 

fitness of this particle will not be considered in the calculation of	Pb or	Gb. Therefore, a 

plethora of calculations for particles which do not satisfy the structural system 
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requirements or are not likely to have a better fitness are avoided. Otherwise, the 

corresponding objective function value is computed, and a finite element analysis is 

performed for the constraints check. As long as a violation is not detected, a penalty will 

not be imposed on the objective function f (x).  

3.5. Case Studies  

Any structure first has to be analyzed for traditional loads before considering 

progressive collapse analysis. Therefore, to evaluate the performance of the proposed 

DMPSO algorithm for optimization of large real frames, two benchmark case studies, 

subjected to conventional loadings, were examined in this section. These are  typical three 

story and seven-story RC frames with 3 spans in each horizontal direction [40]. In the first 

case study, the three-story frame was optimized according to its construction cost. It should 

be noted that the present approach for calculating cost is simplistic and careful attention 

should be taken to extrapolate it to real-world structures with complex factors affecting 

cost. In the second case study, the objective function of the seven-story frame was its 

construction weight. In both case studies, the frames were solved three times to identify 

the optimum solution.  

The structural load characteristics of the frames include a service dead load of 

D=5.9 kN/m2, uniform service live load of L=2 kN/m2. The properties of the materials are 

given in Table 4.  
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Table 4 Properties of the materials 
Material Strength Density Cost 

Steel Fy = 400 MPa !! = 7850 kg/m3 0.9 $/kg 

Concrete f’c = 25 MPa !" 	= 24507 kg/m3 105 $/m3 

formwork - - 92 $/m2 
 

Moreover, lateral loads, are calculated based on building specifications [83], 

considering the updated mass of the structure in every iteration based on the dimensions of 

the columns and beams. Furthermore, six different factored load combinations are 

considered per concrete specifications [86]. Equation 48 shows the load combinations. 

 

Equation 48 Load combinations 

à
	â% = 1.2ä + 1.0J															
âB = 1.2ä + 1.0J ± 1.4{
âD = 0.9ä ± 1.4{														

 

 

where D, L and E are the assumed dead, live and lateral loads, respectively. 

The frames in both directions were moment resisting and all joints were rigid. The 

flooring system was considered to be a two-way slab. Lateral forces affecting the frames 

were applied at the center of the mass of each story. Furthermore, in order to consider the 

effect of cracking, the moment of inertia of the cross section for each member is calculated 

by cracked moments of inertia [86] using the equations shown in Equation 49. 
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Equation 49 Effect of cracking on moment of inertia of sections 

ç
é_<-+ = 0.35	é̀
é8/.Q+& = 0.7	é̀  

 

where é̀ 	is the gross moment of inertia of the section of the beam or column.  

 

3.5.1. Case Study 1. A Typical Three-Story RC Frame with Three Spans in 

Each Horizontal Direction 

The first case study was a typical three-story RC frame with three spans in each 

horizontal direction comprised of 119 elements, 70 beams, and 49 columns. These elements 

were divided into 17 beam groups and 13 column groups. Consequently, 371 design 

variables exist in this case study: 306 for beams (18 for each beam design group) and 65 

for columns (five for each column design group). Figure 13 shows the frame geometry and 

grouping details. 

For this case study, DMPSO needed 5,000 finite element structural analyses for 

converging to an optimum cost of $64,800. Figure 14 depicts the convergence history for 

the DMPSO. It can be seen that DMPSO did not trap to local values and continued to 

converge until it reached the lowest value for the objective function. Figure 15 illustrates 

the maximum values of demand/capacity ratio (DCR) under the critical loading case for 

member groups in the optimum solutions obtained by the DMPSO algorithm. Table 5 

demonstrates the results of optimum solution from the DMPSO algorithm. 
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 Figure 13 Structural geometry and type classification of beams and columns in the typical three-story RC 
structure with 3 spans in each horizontal direction. 
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Figure 14 Convergence history of DMPSO for the typical three-story RC structure. 

 
 

 
Figure 15 Maximum demand to capacity ratio (DCR) of members for each type classification. 
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Table 5 Results of optimum solution obtained by DMPSO 
OPTIMIZATION RESULTS 

  Sectional 
dimensions Reinforcements 

M
em

ber 
type  

Type 
classific

ation  

W
idth 

(m
m

)  

D
epth 

(m
m

)  

T- rebar 
left 

T - rebar 
m

iddle 

T - rebar 
right 

C
- rebar 
left 

C
- rebar 

m
iddle  

C
- rebar 
right  

Beam T1 300 300 3-D12 
3-D18 3-D12 3-D12 

3-D18 3-D12 3-D12 
1-D18 3-D12 

Beam T2 300 400 3-D14 
1-D18 3-D14 3-D14 

1-D18 3-D14 3-D14 
1-D12 3-D14 

Beam T3 300 300 3-D12 
3-D18 3-D12 3-D12 

3-D18 3-D16 3-D12 
2-D22 3-D16 

Beam T4 350 350 3-D14 
2-D24 3-D14 3-D14 

2-D24 3-D14 3-D14 
2-D18 3-D14 

Beam T5 300 300 3-D12 
2-D14 3-D12 3-D12 

2-D14 3-D12 3-D12 
2-D14 3-D12 

Beam T6 300 300 3-D12 
3-D18 3-D12 3-D12 

3-D18 2-D18 2-D18 
3-D16 2-D18 

Beam T7 300 300 3-D12 
3-D18 3-D12 3-D12 

3-D18 2-D18 2-D18 
3-D16 2-D18 

Beam T8 300 300 3-D12 
2-D20 3-D12 3-D12 

2-D20 3-D12 3-D12 
1-D16 3-D12 

Beam T9 350 350 3-D14 
3-D12 3-D14 3-D14 

3-D12 3-D14 3-D14 
1-D12 3-D14 

Beam T10 300 300 3-D12 
3-D16 3-D12 3-D12 

3-D16 3-D12 3-D12 
1-D18 3-D12 

Beam T11 300 300 3-D12 
2-D14 3-D12 3-D12 

2-D14 3-D12 3-D12 
2-D14 3-D12 

Beam T12 300 300 3-D12 
3-D18 3-D12 3-D12 

3-D18 
3-D12 
1-D16 

3-D12 
2-D24 

3-D12 
1-D16 

Beam T13 300 550 3-D16 
1-D14 3-D16 3-D16 

1-D14 3-D16 3-D16 
1-D12 3-D16 

Beam T14 300 300 3-D12 
3-D18 3-D12 3-D12 

3-D24 2-D22 2-D20 
2-D16 2-D22 

Beam T15 300 550 4-D16 3-D16 4-D16 3-D16 3-D16 
1-D12 3-D16 

Beam T16 300 300 3-D12 
3-D16 3-D12 3-D12 

3-D16 3-D12 3-D12 
1-D18 3-D12 

Beam T17 300 300 3-D12 
2-D16 3-D12 3-D12 

2-D16 3-D12 3-D12 
1-D18 3-D12 

Column T18 350 300 3-D16* 2-D16* 

Column T19 350 300 2-D25 2-D25 
Column T20 350 300 3-D25 3-D25 
Column T21 450 350 3-D16 3-D16 
Column T22 450 350 3-D16 3-D16 
Column T23 350 350 5-D14 5-D14 
Column T24 550 550 4-D14 8-D14 
Column T25 300 350 4-D14 2-D14 
Column T26 300 350 4-D20 2-D20 
Column T27 550 550 4-D14 8-D14 
Column T28 400 450 5-D14 3-D14 
Column T29 350 300 5-D14 2-D14 
Column T30 300 300 3-D14 4-D14 

*  For columns the first number shows the number of rows of rebars in X or Y directions. 
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3.5.2. Case Study 2. A Typical Seven-Story RC Frame with 3 Spans in Each 

Horizontal Direction 

The second case study was a typical seven-story RC frame with three spans in each 

horizontal direction.  The geometry and grouping details are shown in Figure 16. This 

particular frame was selected for analysis by DMPSO because comparative data was 

available for a similar frame that was analyzed by the charged system search (CSS) and 

enhanced charged system search (ECSS) methods [40]. This frame has a total of 180 

members, 84 beams and 96 columns. The structural elements were arranged into 42 groups: 

28 groups for beams and 14 groups for columns. This case study contains 574 system 

variables, 504 of which are for beams and the remaining 70 are for columns. Beams and 

columns were grouped to satisfy the uniformity of members subjected to close applied 

forces with expected similar structural behaviors according to their location in the frame 

and loading conditions. A population size of 150 was used to assure the best results for 

stochastic decline. 
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Figure 16 Structural geometry and type classification of beams and columns in the typical three-story RC frame 
with 3 spans in each horizontal direction. 

 

The minimum weight of the optimum solution was found to be 338 ton after 4,000 

structural analyses, which is lower than the number of analyses required by the comparative 

analysis method (CSS and ECCS). The convergence rate of DMPSO was impressive. 

Figure 17 shows that although DMPSO found the optimum solution after 4,000 structural 

analyses, it achieved near-optimum results at a faster rate in the first 200 structural 

analyses. 
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Table 6 presents the best solutions obtained by DMPSO. Because no considerable 

limits were imposed to the system variables, the algorithm used the best section for the 

optimum solution. 



69 
 
 
 
 
 

 
Table 6 Optimum solutions from DMPSO vs.  literature. 

OPTIMIZATION RESULTS 

 CSS ECSS DMPSO 

 Sectional 
dimensions Reinforcements Sectional 

dimensions Reinforcements Sectional 
dimensions Reinforcements 

Type 
classification  

H
eight of the 

optim
al section 

W
idth of the 

optim
al section 

T- rebar 

C- rebar 

H
eight of the 

optim
al section 

W
idth of the 

optim
al section 

T- rebar 

C- rebar 

H
eight of the 

optim
al section 

W
idth of the 

optim
al section 

T- rebar 

C- rebar 

T1 300 250 7-D10 4D10 300 250 6-D10 0-D10 300 300 3-D12 
3-D14 3-D12 3-D12 

3-D14 
3-D12 
3-D14 

3-D12 
1-D16 

3-D12 
3-D14 

T2 300 250 7-D10 0-D10 300 250 7-D10 0-D10 350 350 3-D14 
3-D14 3-D14 3-D14 

3-D14 3-D14 3-D14 3-D14 

T3 300 250 7-D10 0-D10 300 250 7-D15 0-D15 300 300 3-D12 
4-D16 3-D12 3-D12 

4-D16 3-D12 3-D12 
1-D16 3-D12 

T4 300 250 7-D10 0-D10 300 250 8-D15 0-D15 350 350 3-D14 
2-D22 3-D14 3-D14 

2-D22 4-D14 4-D14 4-D14 

T5 400 350 6-D15 0-D15 400 350 9-D15 0-D15 300 300 3-D12 
3-D20 3-D12 3-D12 

3-D20 
3-D12 
1-D14 

3-D12 
1-D16 

3-D12 
1-D14 

T6 500 350 9-D15 7-D15 500 350 6-D20 0-D20 350 350 3-D14 
2-D22 3-D14 3-D14 

2-D22 4-D14 4-D14 4-D14 

T7 700 450 9-D25 6-D25 700 450 7-D20 4-D20 300 300 3-D12 
2-D22 3-D12 3-D12 

2-D22 3-D12 3-D12 
1-D16 3-D12 

T8 600 400 6-D20 0-D20 600 400 8-D20 5-D20 300 300 3-D12 
1-D16 3-D12 3-D12 

1-D16 
3-D12 
1-D10 

3-D12 
4-D16 

3-D12 
1-D10 

T9 600 400 7-D20 0-D20 600 400 7-D20 0-D20 300 300 3-D14 
3-D22 3-D14 3-D14 

3-D22 3-D14 3-D14 
1-D12 3-D14 

T10 600 400 8-D20 5-D20 600 400 7-D20 0-D20 300 300 3-D12 
3-D24 3-D12 3-D12 

3-D24 
3-D12 
3-D12 

3-D12 
3-D18 

3-D12 
3-D12 

T11 650 400 7-D20 0-D20 650 400 9-D20 7-D20 300 300 3-D12 
3-D25 3-D12 3-D12 

3-D25 
3-D12 
2-D18 

3-D12 
3-D18 

3-D12 
2-D18 

T12 700 450 9-D25 6-D25 700 450 9-D20 7-D20 300 300 3-D12 
4-D22 3-D12 3-D12 

4-D22 
3-D12 
3-D16 

3-D12 
3-D18 

3-D12 
3-D16 

T13 750 450 8-D25 0-D25 750 450 9-D20 7-D20 350 350 3-D14 
3-D25 3-D14 3-D14 

3-D20 
3-D14 
2-D12 

3-D14 
3-D16 

3-D14 
2-D12 

T14 750 450 9-D25 0-D25 750 450 9-D25 7-D25 300 300 3-D12 
3-D24 3-D12 3-D12 

3-D24 
3-D12 
2-D12 

3-D12 
3-D18 

3-D12 
2-D12 

T15 300 250 7-D10 4D10 300 250 6-D10 0-D10 300 300 3-D12 
2-D16 3-D12 3-D12 

2-D16 3-D12 3-D12 
1-D16 3-D12 

T16 300 250 7-D10 0-D10 300 250 7-D10 0-D10 300 300 3-D12 
3-D16 3-D12 3-D12 

3-D16 3-D12 3-D12 
1-D16 3-D12 

T17 300 250 7-D10 0-D10 300 250 7-D15 0-D15 300 300 3-D12 
4-D16 3-D12 3-D12 

4-D16 3-D12 3-D12 
1-D12 3-D12 

T18 300 250 7-D10 0-D10 300 250 8-D15 0-D15 300 300 3-D12 
3-D20 3-D12 3-D12 

3-D20 
3-D12 
1-D16 

3-D12 
2-D16 

3-D12 
1-D16 
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OPTIMIZATION RESULTS 

 CSS ECSS DMPSO 

 Sectional 
dimensions Reinforcements Sectional 

dimensions Reinforcements Sectional 
dimensions Reinforcements 

Type 
classification 

H
eight of the 

optim
al section  

W
idth of the 

optim
al section  

T-rebar  

C -rebar 

H
eight of the 

optim
al section 

W
idth of the 

optim
al section  

T-rebar 

C -rebar 

H
eight of the 

optim
al section  

W
idth of the 

optim
al section  

T-rebar  

C- rebar 
T19 400 350 6-D15 0-D15 400 350 9-D15 0-D15 400 300 3-D14 

3-D20 3-D14 3-D14 
3-D20 

3-D14 
2-D16 

3-D14 
1-D12 

3-D14 
2-D16 

T20 500 350 9-D15 7-D15 500 350 6-D20 0-D20 300 300 3-D12 
2-D25 3-D12 3-D12 

2-D25 
3-D12 
1-D16 

3-D12 
1-D16 

3-D12 
1-D16 

T21 700 450 9-D25 6-D25 700 400 7-D20 4-D20 350 300 2-D16 
2-D22 2-D16 2-D16 

2-D22 
2-D16 
3-D14 

2-D16 
3-D14 

2-D16 
3-D14 

T22 600 400 8-D20 5-D20 600 400 6-D20 0-D20 600 300 2-D20 2-D20 2-D20 2-D20 2-D20 2-D20 

T23 650 400 7-D20 0-D20 650 400 7-D20 0-D20 300 300 3-D12 
4-D20 3-D12 3-D12 

4-D20 3-D12 3-D12 
2-D24 3-D12 

T24 650 400 7-D20 0-D20 650 400 8-D20 5-D20 300 300 3-D12 
3-D25 3-D12 3-D12 

3-D25 
3-D12 
3-D14 

3-D12 
2-D24 

3-D12 
3-D14 

T25 650 400 9-D20 7-D20 650 400 7-D20 0-D20 300 300 3-D12 
5-D20 3-D12 3-D12 

5-D20 
3-D12 
2-D20 

3-D12 
2-D24 

3-D12 
2-D20 

T26 650 400 9-D20 7-D20 650 400 9-D25 6-D25 300 300 3-D12 
5-D20 3-D12 3-D12 

4-D20 
3-D12 
2-D20 

3-D12 
2-D24 

3-D12 
2-D20 

T27 650 400 9-D20 7-D20 650 400 8-D25 0-D25 300 300 3-D12 
5-D20 3-D12 3-D12 

5-D20 
3-D12 
2-D20 

3-D12 
2-D24 

3-D12 
2-D20 

T28 750 450 9-D25 7-D25 750 450 9-D25 0-D25 300 300 3-D12 
3-D20 3-D12 3-D12 

3-D20 
3-D12 
2-D16 

3-D12 
2-D20 

3-D12 
2-D16 

T29 200 200 7D-10* 7D-10 200 200 4D-15 4D-15 300 350 2D-14 4D-14 
T30 250 250 4D-15 4D-15 250 250 4D-15 4D-15 300 350 2D-20 2D-20 
T31 250 250 4D-15 4D-15 250 250 4D-15 4D-15 300 350 2D-25 2D-25 
T32 250 250 4D-15 4D-15 250 250 4D-15 4D-15 300 350 3D-25 2D-25 
T33 250 250 4D-15 4D-15 250 250 4D-15 4D-15 300 350 2D-25 2D-25 
T34 400 400 5D-20 5D-20 400 400 7D-15 7D-15 350 400 3D-16 3D-16 
T35 400 400 7D-20 7D-20 400 400 4D-20 4D-20 400 400 2D-16 6D-16 
T36 450 450 10D-25 10D-25 450 450 8D-25 8D-25 300 300 4D-20 2D-20 
T37 450 450 10D-25 10D-25 450 450 8D-25 8D-25 300 300 2D-20 2D-20 
T38 500 500 7D-25 7D-25 500 500 8D-25 8D-25 400 300 2D-16 6D-16 
T39 500 500 7D-25 7D-25 500 500 8D-25 8D-25 450 300 2D-16 6D-16 
T40 500 500 7D-25 7D-25 500 500 8D-25 8D-25 450 350 2D-25 2D-25 
T41 500 500 10D-25 10D-25 500 500 7D-30 7D-30 450 400 2D-25 2D-25 
T42 600 600 7D-27 7D-27 600 600 7D-30 7D-30 450 400 2D-25 6D-25 

*  For columns, the first number shows the number of rows of rebars in X or Y directions.

  
   



71 
 
 
 
 
 

Figure 18 provides a comparison between the maximum values of demand/capacity 

ratio (DCR) under the critical loading case for member groups obtained by DMPSO and 

the ECCS methods. 

 

 
Figure 17 Convergence rate of DMPSO, CSS, and ECSS for a seven-story RC structure. 
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Figure 18 Comparison of maximum DCR of members for each type classification. 
 

 

Figure 17 shows that optimum solutions are achieved by DMPSO. Moreover, 

DMPSO’s convergence rate is found to be significantly better than the algorithms found in 

literature. The superiority of the DMPSO algorithm becomes even more evident 

considering the fact that shear design of concrete members, development lengths, and hook 

lengths of reinforcement steel bars in the concrete members, and other detailing issues were 
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This excellent performance can be explained by the feature of the DMPSO that 

considers the preference of the decision making based on ML and AI. The decision maker 

allows the solution finding process to escape from the local minimum by suggesting the 

best sections and pruning the useless results, so that it would not be easily trapped into a 

local value. Because DMPSO has almost no restrictions for selecting sections, it chooses 

the most useful sections ensuring that the constraints were achieved near the threshold 

values. Especially in beams, where the rebar was not continuous along the entire length, 

DMPSO only utilized the adequate rebar needed.  

 

3.6. Conclusion  

This chapter introduced a novel optimization algorithm combining Particle Swarm 

Optimization, Machine Learning and Artificial Intelligence, called DMPSO, which lays 

the foundation for automating the evaluation of structural behavior for progressive analysis 

using alternative path load in chapter 4. The unique component of the proposed algorithm, 

DM, empowered the algorithm with ML and AI to tackle the complexity of structural 

optimization problems and find a faster and optimum solution by escaping from local 

minimums.  The structural system limitations and specifications were formulated as a series 

of constraints to the optimization problem and applied as penalties on the fitness function 

of the algorithm. Moreover, an efficient constraint handling technique was proposed, and 

it demonstrated excellent performance. The numerical results demonstrated the sound 

performance of the DMPSO algorithm for finding optimum cost or weight of RC structures 
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in terms of efficiency and the convergence rate. Based on the findings of this chapter, the 

DMPSO algorithm is deemed suitable for automating multiple analysis cases involving 

progressive collapse of structures.2 

 

 

 

 

 
2 Details of the DMPSO algorithm and its application on static analysis of three-story and seven-story buildings is 
published in Advances in Engineering Software [76].  
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4. EXTENSION OF DMPSO FOR ANALYZING 3D RC FRAMES SUBJECTED 
TO CONVENTIONAL DYNAMIC LOADINGS 

This chapter presents research findings addressing the third objective of the 

dissertation. Once the effectiveness of the DMPSO algorithm was shown for frames that 

are subjected to conventional static loadings, to the algorithm was extended and validated 

for analyzing reinforced concrete frames that are subjected to conventional dynamic 

loadings.  

 

4.1. Introduction 

As the main goal of this PhD research is to develop a comprehensive computational 

framework that is efficient for progressive collapse analysis, considering dynamic loading 

is vital. Since any building that has to be analyzed for progressive collapse has to be 

originally designed for a certain level of conventional dynamic loading (such as earthquake 

or blast), in this section the focus was on extending and validating the DMPSO algorithm 

using frames that are subjected to time-history loads generated from well-documented 

earthquakes and/or blasts.  Two reinforced concrete benchmark examples were tested using 

DMPSO and the results were presented. The results from this part of the research confirmed 

the effectiveness of the proposed DMPSO algorithm in finding optimal solutions for 

structural optimization problems involving dynamic loadings, which in turn lays the 
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foundation for automating multiple analysis cases involving progressive collapse of 

structures3. 

 

4.2. Formulation of Optimization Involving Historical Time-history Seismic 

Loadings 

A general structural optimization problem subjected to dynamic loadings can be 

mathematically described by Equation 50: 

 

Equation 50 General structural optimization problem subjected to dynamic loading 

⎩
⎪
⎨

⎪
⎧ min

	"∈ℝ!
((*) 	 											* = [*%, … , *&]'

2(3*, 4(5), 4̇(5), 4̈(5), 58 ≤ 0,												; = 1,… ,=
>4̈(5) + @4̇(5) + A4(5) − C(5) = 0

*) ≤ * ≤ **

 

 

where * is a vector of n design variables, ((*): ℝ& → 	ℝ is the objective function which 

returns a scalar value to be minimized (usually the cost or the weight of the structure), the 

vector function 2(*): ℝ& →	ℝ+ returns a vector of length = containing the values of the 

inequality constraints evaluated at *, and *), ** are two vectors of length F containing the 

lower and upper bounds of the design variables, respectively.  

4(5), 4̇(5), 4̈(5),>, @, A, C, 5	are the displacement vector, the velocity vector, the 

 
3 Details of the application of DMPSO on RC frames that are subjected to conventional dynamic loadings are published 
in Structural and Multidisciplinary Optimization[87]. 
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acceleration vector, the mass matrix, the damping matrix, the stiffness matrix, the external 

load vector, and time, respectively. The above mathematical formulation contains only 

inequality constraints, as equality constraints are usually not found in the case of structural 

optimization.  

To compute the response of structures subjected to time-history loading, a time-

history analysis should be implemented. If the time-history loading is chosen to be an 

earthquake, the equation of motion can be rewritten as shown in Equation 51: 

 

Equation 51 Typical constraints 
>4̈(5) + @4̇(5) + AG(5) = −>HÏ,(5) 

 

where H and Ï,(5) are a column vector with a value of 1 and ground acceleration, 

respectively. 

 

4.2.1. DMPSO for Time-history Earthquake Loadings 

To evaluate the performance of DMPSO for finding the optimum system solutions 

for RC frames subjected to time history loading, two multi-story frames were selected. 

These are a three-bay four-story and a three-bay twelve-story RC frames. Several sets of 

frames with multiple system variable numbers were selected to show the efficiency and 

superiority of the DMPSO algorithm. The frames were solved five times and among the 
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optimum frames obtained for each set, the best one was selected as the optimum system 

solution.  

The adopted earthquake ground motion time-histories for conducting a nonlinear 

time-history analysis should be consistent with the magnitude, fault distance, and source 

mechanism of where the frame structure is to be built. Due to the sensitivity of structural 

response to the properties of a ground motion, a nonlinear time-history analysis using only 

one ground motion time history input may not truly represent the actual seismic responses. 

To account for this uncertainty in earthquake loading, an assembly of at least three different 

ground motion time histories are required for one nonlinear time-history analysis. In this 

research, an assembly of recorded “real time histories” selected from the PEER Strong 

Ground Motion Database was used [88]. The adopted ground motion time-histories were 

scaled to simulate the design earthquake hazard level. Furthermore, the selected ground 

motion time-histories need to be scaled such that their response spectra equal or exceeds 

the design response spectrum throughout the period range of interest. The design response 

spectrum for American Society of Civil Engineers Building Code (ASCE-07) was 

employed as the datum for scaling ground motions. The ground motion acceleration 

histograms are shown in Figure 19. The response spectra of the scaled ground motions are 

illustrated in Figure 20. A 5% damping ratio was used in the case studies. 
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Figure 19 Acceleration versus time for (a) Imperial Valley, (b) Landers, and (c) Trinidad earthquakes. 
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Figure 20 Response spectra 
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[89]. In this research, a population size of 20, 40, 60, 80, and 100 were used to obtain the 

best results for the stochastic decline. However, as discussed in the description of DMPSO 

algorithm in chapter 3, the solution avoids getting trapped in the local minimum. As a 

result, it can be seen that different population sizes do not make significant changes in the 

final result or in the convergence rate. The only differences that may be observed is in the 

initial iterations of each solution attempt. This can be attributed to the nature of stochastic 

algorithm in which there are more chance to initially find better values from more 

population size. However, the final convergence heavily relies on the efficiency of the 

algorithm itself.    

For this frame, the minimum cost of the optimum solution was $13,115 after 1500 

structural analyses. Another DMPSO feature to consider is its convergence rate. As shown 

in Figure 22, although DMPSO found the optimum solution after 1500 structural analyses, 

an acceptable solution was found after the first 150 structural analyses. The system 

solutions obtained by DMPSO are presented in Table 7. Because no considerable limits 

were imposed to the design variables, the algorithm used the best section for the optimum 

solution.   
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Figure 21 The three-bay, four-story reinforced concrete frame. 

 

 
Figure 22 Convergence rate of DMPSO for the three-bay four-story reinforced concrete frame. 
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Table 7 Optimum solution from DMPSO. 
 OPTIMIZATION RESULTS 

   Sectional 
dimensions 

 
Reinforcements Cost 

Try 

M
em

ber type 

Type 
classification 

W
idth (m

m
) 

D
epth (m

m
)  

Top left 

Top m
iddle  

Top right  

Bot. left 

Bot. m
iddle  

Bot. right  

Cost c  

Cost s 

Cost f 

Total cost  

1 

Beam B1 300 350 3-D22 
4-D18 2-D18 3-D22 

4-D18 3-D18 3-D22 
2-D18 3-D18 

1172.85 

1700.546 

10350 

13223.4 

Beam B2 300 350 3-D22 
4-D18 2-D18 3-D22 

4-D18 
1-D22 
1-D18 

3-D22 
2-D18 

1-D22 
1-D18 

Column C1 450 300 6-D25 

Column C2 450 300 14-D22 

2 

Beam B1 300 350 3-D22 
4-D18 2-D18 3-D22 

4-D18 3-D18 3-D22 
2-D18 3-D18 

1172.85 

1592.451 

10350 

13115.3 

Beam B2 300 350 3-D22 
4-D18 2-D18 3-D22 

4-D18 
1-D22 
1-D18 

3-D22 
2-D18 

1-D22 
1-D18 

Column C1 450 300 6-D25 

Column C2 450 300 14-D18 

3 

Beam B1 300 350 5-D22 2-D18 5-D22 3-D18 3-D22 
1-D18 3-D18 

1230.6 

1596.69 

10672 

13499.29 

Beam B2 300 350 5-D22 2-D18 5-D22 1-D22 
1-D18 

3-D22 
1-D18 

1-D22 
1-D18 

Column C1 500 300 12-D18 

Column C2 500 300 12-D18 

4 

Beam B1 300 350 4-D22 
2-D18 2-D18 4-D22 

2-D18 3-D18 2-D22 
2-D18 3-D18 

1207.5 

16.84.29 

10469.6  

13361.4 

Beam B2 300 400 4-D22 
2-D18 2-D18 4-D22 

2-D18 
1-D22 
1-D18 

2-D22 
1-D18 

1-D22 
1-D18 

Column C1 450 300 6-D25 

Column C2 400 350 14-D18 

5 

Beam B1 300 350 3-D22 
3-D18 2-D18 3-D22 

3-D18 3-D18 3-D22 
2-D18 3-D18 

1192.8 

1704.08  

10460.4  

13357.28 

Beam B2 300 350 3-D22 
3-D18 2-D18 3-D22 

3-D18 
1-D22 
1-D18 

3-D22 
2-D18 

1-D22 
1-D18 

Column C1 500 300 12-D18 

Column C2 450 300 14-D18 

 

Figure 23 provides a comparison between the base shear of the first feasible 

solution and the best solution obtained by the DMPSO algorithm. To illustrate the 

efficiency of the algorithm, the base shears were calculated according to the weight of 

frames only. The optimization process resulted in the reduction of the weights of structures 

and the structural base shears. 
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Figure 23 Comparison between the base shear response histories of the frames before and after optimization for 
Imperial, Landers, and Trinidad earthquakes 
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4.2.1.2. Case Study 2. Three-Bay Twelve-Story Reinforced Concrete 

Frame 

The second case study was a three-bay twelve-story reinforced concrete frame 

comprised of 52 elements, 20 beams, and 32 columns. These elements were divided into 

three beam groups and four column groups. Consequently, 74 system variables exist in this 

case study, 54 for beams and 20 for columns. The structure’s geometry and grouping details 

are shown in Figure 24. 

For this case study, DMPSO needed 3,000 finite element structural analyses to 

converge to an optimum cost of $35,666. Figure 25 depicts the convergence history. It can 

be seen that DMPSO converged to an acceptable cost just before 1,000 analyses. Table 8 

provides the results of optimum solution from the DMPSO algorithm. 
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Figure 24 Three-bay, twelve-story reinforced concrete frame. 
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Figure 25 Convergence rate of DMPSO for the three-bay twelve-story reinforced concrete frame. 
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Figure 26 Comparison between the base shear response histories of the frames before and after optimization for 
Imperial, Landers, and Trinidad earthquakes 
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Table 8 Optimum solution from DMPSO.  
 

 
   Sectional 

dimensions 
 

Reinforcements Cost 

  
Try 

M
em

ber 
type 

Type 
classificati

on  

W
idth 

(m
m

) 

D
epth 

(m
m

) 

Top left 

Top m
iddle 

Top right  

Bot. left 

Bot. 
m

iddle 

Bot. right  

Cost c 

Cost s 

Cost f  

Total cost 

1 

Beam B1 300 350 3-D22 
4-D18 2-D18 3-D22 

4-D18 
1-D22 
1-D18 

2-D22 
3-D18 

1-D22 
1-D18 

3341.1 

4560.4575 

27968 

35869.5575 

Beam B2 300 400 3-D22 
4-D18 2-D18 3-D22 

4-D18 
1-D22 
1-D18 

3-D22 
1-D18 

1-D22 
1-D18 

Beam B3 300 400 2-D25 
4-D18 2-D18 2-D25 

4-D18 3-D18 3-D25 3-D18 

Column C1 550 300 16-D18 
Column C2 550 400 14-D18 
Column C3 500 300 6-D25 
Column C4 450 300 6-D25 

2 

Beam B1 300 350 3-D22 
4-D18 2-D18 3-D22 

4-D18 
1-D22 
1-D18 

2-D22 
3-D18 

1-D22 
1-D18 

3386.25 

4082.157 

28198 

35666.41 

Beam B2 300 400 3-D22 
4-D18 2-D18 3-D22 

4-D18 
1-D22 
1-D18 

3-D22 
1-D18 

1-D22 
1-D18 

Beam B3 300 400 2-D25 
4-D18 2-D18 2-D25 

4-D18 3-D18 3-D25 3-D18 

Column C1 550 300 6-D25 
Column C2 450 450 16-D18 
Column C3 450 350 8-D25 
Column C4 450 300 14-D18 

3 

Beam B1 300 350 3-D22 
3-D18 2-D18 4-D22 

4-D18 2-D22 2-D22 
3-D18 2-D22 

3574.2 

4187.426 

28777.6  

36539.23 

Beam B2 300 400 3-D22 
4-D18 2-D18 3-D22 

4-D18 
1-D22 
1-D18 4-D22 1-D22 

1-D18 

Beam B3 300 350 2-D25 
4-D18 2-D18 2-D25 

4-D18 3-D18 3-D25 3-D18 

Column C1 450 300 14-D18 
Column C2 650 450 8-D25 
Column C3 500 350 12-D18 
Column C4 500 300 6-D25 

4 

Beam B1 300 350 4-D22 
3-D18 2-D18 4-D22 

3-D18 2-D22 2-D22 
3-D18 2-D22 

3516.45 

3988.193 

28906.4 

36411.04 

Beam B2 300 400 3-D22 
4-D18 2-D18 3-D22 

4-D18 2-D18 3-D22 
1-D18 2-D18 

Beam B3 300 550 2-D25 
2-D18 2-D18 2-D25 

2-D18 3-D18 3-D25 3-D18 

Column C1 500 300 12-D18 
Column C2 600 400 12-D18 
Column C3 500 300 6-D25 
Column C4 400 300 6-D25 

5 

Beam B1 300 350 3-D22 
4-D18 2-D18 3-D22 

4-D18 
1-D22 
1-D18 

2-D22 
3-D18 

1-D22 
1-D18 

3438.75 

4824.68 

28198  

36461.43 

Beam B2 300 450 3-D22 
3-D18 2-D18 3-D22 

3-D18 2-D22 3-D22 2-D22 

Beam B3 300 400 2-D25 
4-D18 2-D18 2-D25 

4-D18 3-D18 3-D25 3-D18 

Column C1 350 400 12-D25 
Column C2 450 500 14-D18 
Column C3 400 400 12-D22 
Column C4 400 350 14-D18 
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4.2.2. DMPSO for Time-history Blast Loadings 

The performance of DMPSO was also studied for structures subjected to dynamic 

blast loading. Unlike the earthquake case studies, damping has little effect on structural 

response involving short-duration dynamic blast loads because structures reach their 

maximum response in milliseconds [90]. Hence, damping is not considered in the blast 

load case studies. The formulation for structural optimization problem involving structures 

subjected to blast loading is thus described by Equation 52.  

 

Equation 52 Equation of motion for structures subjected to blast loading 
>Ï(5) + AI(5) − J(5) = 0 

 

where  I(5), Ï(5), J, and	5	are the displacement vector, the acceleration vector, the blast 

load matrix, and time, respectively. 

The performance of DMPSO algorithm for finding the optimum solution for a four-

story RC frame subjected to blast loading was studied. Examples with multiple variable 

numbers were selected to show the efficiency and superiority of the DMPSO algorithm. 

To ensure convergence, the analysis was repeated three times and the results were reported.  

A four-story reinforced concrete frame whose geometry, loading and grouping 

details are consistent with the previously studied frame for seismic loading, was studied. 

The frame is shown in Figure 21. A population size of 20, 40, 60, 80, and 100 was used to 

obtain the best results for the stochastic decline. However, as discussed in the description 
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of DMPSO algorithm, the solution avoids being trapped in the local minimum. As a result, 

it can be seen that different population sizes do not make any significant changes in the 

final result or in the convergence rate.  

 

4.2.2.1. Case Study 1 – External Blast 

A blast load emanating from an explosion of W = 5.2 kg (11.5 lb) equivalent TNT 

detonated at a stand-off distance (R) of 27 meters (90 ft) was applied to the 4-story frame. 

A simplified triangularly decaying pressure-time history was determined by employing 

scaled distance (Z) using Equation 53.  

 

Equation 53 Triangularly decaying pressure-time history for blast  

4	 = 	
M

N%
-
.

 

 

For this case study, the scaled distance (Z) is 16 kg/m1/3 (40 ft/lb1/3). The peak 

overpressure and the effective blast duration on the frame were determined from Kingery-

Bulmash curves [91], [92].  The blast pressure is shown in Figure 27.  
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Figure 27 Linearly decaying blast pressure. 
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Table 9. Because no considerable limits were imposed to the design variables, the 

algorithm used the best available section for the optimum solution.   

  



94 
 
 
 
 
 

Table 9 The results of optimum solution from DMPSO for external blast loading. 
 OPTIMIZATION RESULTS 

   Sectional 
dimensions 

 
Reinforcements 

 
Total 
Cost 

solution 
attem

pt  
 

M
em

ber type  

Type 
classification 

W
idth (m

m
) 

D
epth (m

m
) 

Top left 

Top m
iddle 

Top right 

Bot. left 

Bot. m
iddle 

Bot. right  

 

1 

Beam B1 450 300 3-D22 
2-D18 2-D22 3-D22 

2-D18 
2-D22 
1-D22 5-D25 2-D18 

1-D22 

14000 

Beam B2 450 300 2-D22 
4-D18 2-D25 2-D22 

4-D18 2-D25 3-D22 
2-D18 2-D25 

Column C1 650 400 12-D25 

Column C2 650 400 12-D25 

2 

Beam B1 500 350 3-D22 
2-D18 2-D22 3-D22 

2-D18 3-D22 4-D25 2-D18 
1-D22 

14500 

Beam B2 450 300 5-D25 2-D25 2-D22 
4-D18 

1-D22 
2-D18 

3-D22 
2-D18 

1-D22 
2-D18 

Column C1 650 400 14-D25 

Column C2 650 450 14-D25 

3 

Beam B1 300 350 5-D25 2-D22 5-D25 2-D22 
1-D25 4-D25 2-D18 

1-D25 

14800 

Beam B2 300 350 5-D25 2-D25 5-D25 1-D22 
2-D18 

3-D22 
2-D18 

1-D22 
2-D18 

Column C1 500 300 14-D25 

Column C2 500 300 12-D25 

 

 
Figure 28 Convergence rate of DMPSO for the reinforced concrete frame for external blast loading. 
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Figure 29 provides the base shear of the best solution obtained by the DMPSO.  

 
Figure 29 Base shear time-history response of the frame after optimization. 

 

4.2.2.2. Case Study 2 – Internal Blast 

For this case study, a pressure signal from an internal explosion as shown in Figure 

30 was applied to the 4-story frame. This pressure signal was derived from a pencil gage 

reading [91] from a real-life explosion test and scaled down to match the pressure levels of 

the external blast. 

 

 
Figure 30 Pressure signature from an internal blast. 
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Structural optimization using DMPSO results for this case study show that the 

minimum cost of the optimum design was $13,810 after 1500 structural analyses. The 

convergence rate is shown in Figure 31, although DMPSO found the best optimum solution 

after 1500 structural analyses, an acceptable solution was found after the first 100 structural 

analyses. The solutions obtained by DMPSO are presented in Table 5.  

 

 
Figure 31 Convergence rate of DMPSO for the reinforced concrete frame for internal blast loading. 
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Table 10 The results of optimum solution from DMPSO for internal blast loading. 
 OPTIMIZATION RESULTS 

   Sectional 
dimensions 

 
Reinforcements  Total 

Cost 

solution 
attem

pt  
 

M
em

ber 
type 

Type 
classificati

on 

W
idth 

(m
m

)  

D
epth 

(m
m

)  

Top left 

Top 
m

iddle 

Top right 

Bot. left 

Bot. 
m

iddle 

Bot. right 

 

1 

Beam B1 450 300 2-D25 
2-D22 2-D18 2-D25 

2-D22 
2-D22 
2-D18 

2-D22 
3-D22 

2-D18 
2-D18 

13820 Beam B2 450 300 2-D22 
3-D18 2-D25 2-D22 

3-D18 
2-D22 
2-D18 

3-D22 
2-D18 

2-D22 
2-D18 

Column C1 600 400 12-D25 

Column C2 650 350 12-D25 

2 

Beam B1 500 350 4-D22 
4-D18 2-D18 4-D22 

4-D18 
2-D22 
2-D18 

2-D25 
3-D18 

2-D22 
2-D18 

14234 

Beam B2 450 300 3-D22 
3-D18 2-D25 3-D22 

4-D18 
2-D22 
2-D18 

3-D22 
2-D18 

2-D22 
2-D18 

Column C1 650 400 12-D25 

Column C2 650 450 12-D25 

3 

Beam B1 300 350 2-D25 
1-D25 2-D22 2-D25 

1-D25 
2-D22 
2-D22 

3-D22 
3-D22 

2-D18 
2-D22 

13810 

Beam B2 300 350 2-D22 
3-D18 2-D25 2-D22 

3-D18 
2-D22 
2-D18 

3-D22 
2-D18 

2-D22 
2-D18 

Column C1 500 300 10-D25 

Column C2 500 300 10-D25 

 

Figure 32 provides the base shear the best solution obtained by the DMPSO algorithm.  

 

 
Figure 32 Base shear time-history response of the frame after optimization. 
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4.3. Conclusion 

This chapter covered the extension of DMPSO for optimization of reinforced 

concrete frames that are subjected to dynamic loading such as blast loads and seismic loads. 

The algorithm is shown to accelerate convergence toward the optimum solution and reduce 

computational effort. The main objective was to automatically evaluate the behavior of 

reinforced concrete structures subjected to earthquake, internal and external blast loads 

while satisfying performance limits and structural specifications. The numerical results 

revealed that the DMPSO algorithm is effective for both seismic, internal and external blast 

analysis, both in terms of efficiency and the convergence rate, and for finding optimum 

cost of reinforced concrete frames. The structural optimization problem presented here 

involving dynamic loadings and the proposed innovative algorithm used for solving it 

provide a foundation for automating several analysis cases needed for assessing 

progressive collapse of structures employing the alternate path method, which is presented 

in the next chapter. 
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5. INVESTIGATION OF PROGRESSIVE COLLAPSE ANALYSIS OF 3D 
OPTIMIZED RC FRAMES 

This chapter presents research findings addressing the fourth, fifth, and sixth 

objectives of this dissertation, which is investigating the formulation of an integrated 

computational framework that is capable of automatically evaluating structural response 

for progressive collapse.  The computational framework allows for automatic evaluation 

of structural elements who do not meet progressive collapse acceptability criteria as 

defined by applicable standards.4,5 

 

5.1. Introduction 

In the alternate path method of analysis discussed in section 2.1, multiple scenarios 

of removing critical elements should be considered, which makes the structural system and 

cross-section selection extremely repetitive and costly. Therefore, investigating the 

formulation of a computational framework is beneficial for producing efficient and cost-

effective solutions. This was achieved by a series of steps. First, a finite element model 

capable of accurately modeling new load paths to progressive collapse analysis was 

developed. Then, the finite element model was integrated with DMPSO to automatically 

evaluate structural response for progressive collapse. This chapter presents model 

 
4 The verifications of the push-down models are published in the 10th International Structural Engineering and 
Construction Conference [21].  
5 The detailed findings of progressive collapse analysis using structural optimization and ML is published in Structures 
[93] 
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validation plans, including comparison with laboratory-scale experimental test results 

found in open literature and comparison with 10-story RC building progressive collapse 

analysis [10], [94]. After validation, the effectiveness of the proposed optimization 

algorithm is illustrated by optimizing a reinforced concrete structure that is subjected to 

lateral seismic forces, and that concurrently satisfies both the American Concrete Institute 

provisions and the Unified Facilitates Criteria progressive collapse requirements. The 

results from this study confirm the capability of the proposed DMPSO algorithm to 

efficiently find optimal structural system solutions in reinforced concrete structures that 

may be subjected to traditional dynamic loading as well as progressive collapse. 

 

5.2. Validation of the Finite Element Model 

 

While high level finite-element models incorporating non-linear dynamic analysis 

will produce more realistic results in progressive collapse scenarios, they are 

computationally time consuming.  Therefore, the development of a non-linear time history 

pull-down model that is validated by experimental results would be beneficial for 

producing acceptable and efficient solutions.  

 

5.2.1. First Validation: NIST Experimental Test  

This section presents a non-linear time history pull-down model of a two-span steel 

frame that was analyzed in ETABS.  The ETABS finite element model results were 
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compared with experimental results of two steel frames with two-spans conducted by the 

National Institute of Standards and Technology (NIST).  The NIST experiments include 

beam-column assemblies from the second-floor framing system of a ten-story building and 

each span is 20 feet long.  This is one of the most important large scale studies on 

progressive collapse [10].  For this experimental study, two experimental models were 

built:  one frame designed to meet the requirements of Seismic Design Category (SDC) C 

with welded unreinforced flange-bolted web (WUF-B) connections, and another frame 

satisfying the requirements of SDC D with reduced beam section (RBS) connections.  

These specimens were beam-column assemblies from the second-floor framing system 

derived from a ten-story building and each span measured 20 ft in length.  For both the 

WUF-B and RBS test specimens, the beam-column assembly initially remained in the 

elastic range at small displacements of the center column at about 2 in (50 mm).  In that 

early stage of the response, the behavior was shown to be dominated by flexure.  With 

increasing the vertical displacement, yielding occurred at the beam-to-column connections, 

and axial tension developed in the beams, indicating catenary behavior.  The axial tension 

in the beams increased until the connections could no longer sustain the combined bending 

and axial stresses, and the beam-column assemblies failed.  NIST utilized these 

experimental results and developed computational models for determining reserve capacity 

and robustness of steel structures. The specification of one of the NIST test setups is shown 

in Figure 33. 
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Figure 33  Details of RBS specimen from NIST Technical Note 1669 [34]. 

 

For early validation needed in this research, a nonlinear dynamic analysis method 

was used to compare findings with the NIST experimental.  First, a finite element model 

was built in ETABS.  The default hinge properties, which corresponds to the hinge 

definitions in FEMA 356 [66], were used.  Then, a vertical load was applied at the place 

of the hydraulic ram in NIST model.  While in the NIST experimental model, the specimen 

was unloaded and reloaded twice.  However, only one-half load cycle was applied in 

progressive collapse (Marchand ae al. 2015). As a result, in this early validation study, the 

maximum load was assigned to be the maximum load at the first unloading in the 

experimental model excluding the effects of unloading and reloading.  It should be noted 

that having comparable results for the linear response as well as the first stage of the 

yielding was considered acceptable.  A time history function was utilized to increase the 

vertical load until the structure collapses (i.e., vertical “pushover analysis”).  Figure 34 
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illustrates the applied vertical load versus vertical displacements at 1/3 span of beams and 

center column for the RBS specimen. 

 

  
 

             
Figure 34  Applied vertical load versus vertical displacements at (a) 1/3 span of beams and (b) center column for 
the RBS specimen. 
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Figure 35 shows the comparison of the NIST experimental test with the ETABS 

numerical study as far as vertical displacement profiles of beams corresponding to vertical 

loads for the RBS specimen are concerned. As shown in the figure, there is a good 

agreement between numerical and experimental results. The small difference can be 

explained by the fact that connections were not explicitly modeled in ETABS and assumed 

to be fixed connections unlike the semi-rigid connection used in the NIST test. This early 

validation on structural steel elements has inspired confidence on continuing the research 

for investigating the progressive collapse analysis of RC elements.  

 

 
Figure 35  Vertical displacement profiles of beams corresponding to vertical loads for the RBS specimen at 286 
kip. 
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analysis obtained from a structural engineering consulting firm  [94]. This 10-story office 

building has concrete moment-resisting frames as the lateral force-resisting system. The 

building had a plan dimensions of 150 ft x 100 ft. The story height of the building was 12 

ft, except that the first story height was 15 ft. The frame is part of a building located in 

Atlanta, GA on Site Class D and thus assigned a Seismic Design Category (SDC) C for 

incorporating conventional dynamic loads. The plan layout and elevation of the building 

are presented in Figure 36 and Figure 37, respectively. 

 

 
Figure 36 Plan layout and structural member sizes for the building [92] 

 



106 
 
 
 
 
 

 
Figure 37 Elevation of the buildings [92] 

 

Figure 38 and Figure 39 show the seismic load parameters calculated by the 

engineering firm [92] and the finite element model developed in this dissertation, 

respectively. The results exactly match.  
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Location 
Wind Seismic 

Speed 
(mph) Exposure Iw Ss (g) S1 

(g) 
Site 

Class IE 
Risponse Modification Coefficient, 

R 
Atlanta, 

GA 85 B 1.0 0.276 0.117 D 1.0 Intermediate RC moment frame, 
R=5, Cd=4.5 

 
Building SDC Approx. Period 

Ta (s) SDS SD1 Cs Seismic Weight W 
(kips) 

Base Shear V 
(kips) 

1 C 1.216 0.291 0.182 0.0299 32,692 978 
Figure 38 Seismic load parameters from the consulting firm document [92]. 

 

 

 
Figure 39 Seismic load parameters calculated by the model developed in this dissertation 

 

Figure 40 and Figure 41 show the moment diagram and maximum moment values 

for one of the column removal scenarios from the consulting firm documentation and the 

analysis model in this dissertation, respectively. The two results are in good agreement, on 

average within ±5%.   
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Figure 40 Moment diagram and the maximum values for one removal scenario from consulting firm [92] 
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Figure 41 Moment diagram and the maximum values for one removal scenario calculated by the model. 
 

 

5.3. Extension of the DMPSO for Robust Progressive Collapse Analysis 

In the present consideration of progressive collapse-resistant design optimization 

of reinforced concrete structures, the objective function is to reduce the cost of the structure 

by simultaneously considering both the ACI provisions and UFC progressive collapse 

criteria associated with the alternate path method [1], [3]. Member sizes and steel 

reinforcement arrangements are considered as system variables. To be more exact, eighteen 
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system variables were defined for each span of a beam including the width and height of a 

cross section, number and diameter of top and bottom continuous bars, number and 

diameter of top and bottom additional bars at left support, number and diameter of top and 

bottom additional bars at midspan, number and diameter of top and bottom additional bars 

at right support. The selected system variables for the column section includes the 

dimensions of columns in x and y directions, the diameter of reinforcement bars at the 

cross-section of column and number of reinforcement bars in both sides of the column. 

For robust analysis of progressive collapse, the PSO component of the DMPSO 

computational framework was extended as shown in Figure 42. 
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Figure 42 Modified DMPSO for Progressive Collapse 
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As mentioned before, finding the optimum system solution of reinforced concrete 

structures is inhibited by challenges associated with structural complexity, large search 

spaces, and the presence of too many system variables, amongst other types of challenges. 

The consideration of progressive collapse exacerbates the complexity of the problem as 

multiple structural removal scenarios should be considered. To address this problem, the 

Decision Maker (DM) component of the algorithm uses a machine learning technique 

(described in 3.3.1) to find the best solution for the section. Based on that, the DM 

algorithm suggests a section for each of the beams and columns near the removed element. 

It is worth noting that the algorithm does not optimize the structure and then 

attempts to check the progressive collapse removal scenarios in two different steps. 

Rather, in each step it checks the UFC acceptability criteria in the optimization process and 

attempts to find the best parameters that simultaneously satisfy the ACI provisions and 

UFC progressive collapse criteria associated with the alternate path method. When one 

member is removed, the topology of the model slightly changes. However, the only 

subsequent impact is on the cost of the material and the constraints of the specific removed 

element. To keep the objective function consistent with the one before the removal 

scenario, the cost of the removed element is also considered in the objective function. The 

material cost remains the same. The constraint cost may change slightly because of the 

possibility of changes in cross-section of adjacent elements. 
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5.3.1. UFC Alternate Path Description 

In the UFC alternate path method, the structure should be capable of bridging over 

a removed column or section of a wall to assure that the resulting deformations and internal 

actions do not exceed the acceptance criteria. For this purpose, three analysis procedures 

are permitted: Linear Static, Nonlinear Static, and Nonlinear Dynamic. 

 

5.3.1.1. Linear Static Method 

A linear static procedure is the simplest procedure to use, in which two load cases 

are considered as shown in Equation 54: 

 

Equation 54 Load combinations for alternate path method 

CRST	USVWV = XYCZ
[1.2	Z + (0.5	C	R]	0.2	^)]

YC_[1.2	Z + (0.5	C	R]	0.2	^)] 

 

Where YCZ and YC_ are load increase factors for calculating deformation-controlled and 

force-controlled actions for linear static analysis, respectively. D, L and S denote dead load, 

live load and snow load, respectively. While deformation-controlled (or ductile) actions 

(or internal forces and moments or demands) is calculated based on the first load case, the 

second load case is used to calculate the force-controlled (or brittle) actions [95]. In this 

approach, a load increase factor is implemented to account for nonlinearity and dynamic 

effects. For concrete frames, the load increase factor is shown in Equation 55: 
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Equation 55 Load increase factor for concrete frames for alternate path method 
 

XYCZ = 2																																
YC_ = 1.2 × =)/0 	+ 0.80

 
 

Where =)/0 is the smallest	m, which is the component demand modification factor to 

account for expected ductility and adopted from ASCE 41, of any primary beam, girder, 

spandrel or wall element that is directly connected to the columns or walls directly above 

the column or wall removal location [3]. The increased gravity loads are applied to the 

floor’s areas directly above the removed column or wall. For the rest of the floor areas, the 

load case without any increase factor is considered. The acceptance criteria are not the 

same for deformation-controlled and force-controlled actions. In deformation-controlled 

action, expected strength of the component, increased by the corresponding m, should be 

greater than deformation-controlled action. For accepting force-controlled action, the 

demand to capacity ratio for each contributing structural component should be greater than 

one. 

In addition to the constraints for regular reinforced concrete sections, which is 

presented by Esfandiari et al. [76] in more details, the algorithm checks the acceptance 

criteria from UFC for progressive collapse reinforced concrete beams. The acceptance 

criteria for linear models of reinforced concrete beams is presented in Table 11. 
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Table 11 Acceptance criteria for linear models of reinforced concrete beams 

Conditions 
m-factors 

Component Type  
Primary Secondary 

i. Beams controlled by flexure 

! − !′
!"#$

 Transverse  
 Reinforcement 

$
%%&'(′)

  

≤ 0.0 C ≤ 3 16 19 
≤ 0.0 C ≥6 9 9 
≥ 0.5 C ≤ 3 9 9 
≥ 0.5 C ≥ 6 6 7 
≤ 0.0 NC ≤ 3 9 9 
≤ 0.0 NC ≥ 6 6 7 
≥ 0.5 NC ≤ 3 6 7 
≥ 0.5 NC ≥ 6 4 5 

ii. Beams controlled by shear 
Stirrup spacing ≤ d /2 1.5 3 
Stirrup spacing > d /2 1.5 2 

 

where "C" and "NC" are conforming and nonconforming transverse reinforcement, 

respectively. b, b1, and b234 are tension, compression, and balanced reinforcement ratios, 

respectively. V is the shear force calculated using limit-state analysis procedures. c5, T, 

and (′U are web width, distance from extreme compression fiber to centroid of longitudinal 

tension reinforcement, and specified compressive strength of concrete, respectively.  

 

5.3.1.2. Nonlinear Static and Nonlinear Dynamic Methods 

High level finite-element models incorporating non-linearity of materials will 

produce more realistic results in progressive collapse scenarios. However, they are 

computationally time consuming. Therefore, employing an efficient optimization 

algorithm developed in this dissertation, DMPSO, would be beneficial for producing 
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acceptable and efficient design solutions. As all of the methods are required to account for 

the dynamic inertial effects of the collapse, nonlinear static model uses dynamic load 

increase factors to modify the dead and live loads in a static analysis. This factor is only 

applied on the immediately affected bays. As nonlinear dynamic method considers both 

the dynamic nature of the loading and nonlinearity of materials, load modification by 

increase factors is no longer needed. Equation 56 represents the gravity load combination 

for these nonlinear methods [3]: 

 

Equation 56 Gravity load combination for alternate path method nonlinear methods 
e& = Ω6 × [1.2	Z + (0.5	C	R]	0.2	^)] 

 

where D, L, and S are the dead load including facade loads, live load including live load 

reduction, and snow load, respectively.  Ω6, which is dynamic increase factor for 

calculating deformation-controlled and force-controlled actions, is calculated by Equation 

57.  

 

Equation 57 Dynamic increase factor for alternate path method 

Ω& =

⎩
⎪
⎨

⎪
⎧

1 nonlinear	dynamic	method
1 	areas	not	immediately	affected	by	removed	structural	ellemnt

1.04 +
0.45

I'(#
I)J + 0.48

immidiate	affected	areas	for	nonlinear	static	method  
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where g783 and g9 are the plastic rotation angle given in the acceptance criteria and the 

yield rotation angle based on effective stiffness values, respectively. The nonlinear 

modeling parameters and acceptance criteria for reinforced concrete beams are presented 

in Table 12. 

 

Table 12 Nonlinear modeling parameters and acceptance criteria for reinforced concrete beams 

 

Modeling Parameters Acceptance Criteria 

Plastic Rotations 
Angle, radians 

Residual 
Strength 

Ratio 
Plastic Rotations Angle, 

radians  

a b c Primary 
Components 

Secondary 
Components  

i. Beams controlled by flexure 

! − !′
!"#$

 Transverse 
Reinforcement 

$
%%&'(′)

  

< 0.0 C < 3 0.063 0.1 0.2 0.063 0.1  
< 0.0 C > 6 0.05 0.08 0.2 0.05 0.08  
> 0.5 C < 3 0.05 0.06 0.2 0.05 0.06  
> 0.5 C > 6 0.038 0.04 0.2 0.038 0.04  
< 0.0 NC < 3 0.05 0.06 0.2 0.05 0.06  
< 0.0 NC > 6 0.025 0.03 0.2 0.025 0.03  
> 0.5 NC < 3 0.025 0.03 0.2 0.025 0.03  
> 0.5 NC > 6 0.013 0.02 0.2 0.013 0.02  

ii. Beams controlled by shear 
Stirrup spacing < d/2 0.003 0.02 0.2 0.003 0.02  
Stirrup spacing > d/2 0.003 0.01 0.2 0.003 0.01  
 

where "C" and "NC" are conforming and nonconforming transverse reinforcement, 

respectively. b, b1, and b234 are tension, compression, and balanced reinforcement ratios, 

respectively. V is the design shear force calculated using limit-state analysis procedures. 

c5, T, and (′U are web width, distance from extreme compression fiber to centroid of 
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longitudinal tension reinforcement, and specified compressive strength of concrete, 

respectively.  

For this method, time history analysis is utilized to evaluate different removal 

scenarios.  The duration for the removal is considered to be one tenth of the period 

associated with the structural response mode of the model with the column or wall section 

removed. Moreover, the duration of the analysis is calibrated so that the maximum 

displacement can be reached, or one cycle of vertical motion can occur at the removal 

location. 

 

5.4. Augmentation of the Constraints’ Handling for Progressive Collapse 

There are two groups of constraint needed for expanding the optimization problem 

and incorporating progressive collapse. These include general concrete structural system 

constraints and progressive collapse (UFC) constraints. The first type, which is related to 

typical structural system subjected to traditional lateral loads are, described in section 3.4 

of this dissertation. 

The second type of constraints related to progressive collapse are derived from UFC 

[3] and GSA [2]. These constraints check that the structure is capable of bridging over 

vertical load-bearing elements that are removed during a collapse scenario. Table 13 

represents these additional constraints.   
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Table 13 Constraints related to progressive collapse 
Acceptance criteria for deformation-controlled 
members 

!!"(#) =
&#$,&

∅	.*&	. &'(,&
− 1 ≤ 0								/ = 1,… ,2)*+.*-*.*/01 

Acceptance criteria for force-controlled members !!2(#) =
&#3,&
∅	. &'4,&

− 1 ≤ 0																	/ = 1,… ,2+.*-*.*/01 

Acceptance criteria for plastic rotations angle in 
nonlinear models 

!!5(#) =
3&

3.67,&
																																				/ = 1,… ,289&/01 

The minimum number of load redistribution systems !!:(#) =
2 35
2re.sys

− 1 ≤ 0 

The variation of the design strength of any load 
redistributing system (redundancy requirement) 

!!;(#) = 6&<& −&<=
7777

0.3	&<=7777 6 − 1 ≤ 0										/ = 1,… ,2re.sys 

The variation of the design stiffness of any load 
redistributing system (redundancy requirement) !!>(#) = 68<& −8<=

7777
0.3	8<=7777 6 − 1 ≤ 0										/ = 1,… ,2?*.1@1 

 

 

where h?@A.@4@+@&BC, hA.@4@+@&BC, hDEF&BC, hGH.IJI, h are the total number of the 

deformation-controlled elements, the total number of the force-controlled elements, the 

total number of joints, number of vertical load redistribution systems, and total number of 

floors, respectively. ∅, m, jKL, and j*M are strength reduction factor from the appropriate 

material specific code, component or element demand modifier (m-factor), expected 

strength of the component or element for deformation-controlled actions deformation-

controlled action, respectively. jK) and j*0 are lower-bound strength of a component or 

element for force-controlled actions and force-controlled action, respectively. gF and g+3N,F 

are the calculated plastic rotation demand and the acceptance criteria, respectively. jPF,	APF 

are design strength and flexural stiffness of a given load redistributing system at a single 

floor level, respectively. jPQkkkk, and APQkkkk  are average design strength and average flexural 
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stiffness of load redistributing systems up the height of the building associated with the 

exterior ground level column removal location under consideration, respectively. 

 

5.5. Case Studies 

To evaluate the performance of the proposed optimization-based analysis of 

reinforced concrete frames incorporating progressive collapse, two multi-story frames 

were selected. These are a typical seven-story 3D RC frame with three spans in each 

horizontal direction subjected to conventional static loadings (e.g. gravity and equivalent 

lateral force) and a three-bay twelve-story 2D RC frame subjected to a time- history 

loading. Examples with multiple system variable numbers were selected to show the 

efficiency of the DMPSO algorithm for analyzing reinforced concrete frames subjected to 

progressive collapse.  

 

5.5.1. Case Study 1. Seven-Story RC Frame with 3 Spans in Each Direction 

The first case study is a typical seven-story RC frame with three spans in each 

horizontal direction whose geometry, grouping details, and removal scenarios are shown 

in Figure 43. A total of 16 different column removal scenarios were considered in the 

alternate path investigation of this example frame for progressive collapse analysis. 

Although the plan was symmetric, sections A and C are different in size. This implies that 

one set of eight removal scenarios, as shown in Figure 3, is considered in each of these 

sections. These removed columns are located at the corner and middle of each direction 
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members in the first story above the grade, the story directly below the roof, and the story 

above the location of a column splice, which is assumed to be on every other level in this 

example. The objective function of this frame is considered as its construction weight to 

be consistent with the original paper in which the structure was optimized only for 

conventional loadings without considering progressive collapse [76]. This frame has a total 

of 180 members, 84 beams and 96 columns, which were arranged into 42 groups: 28 groups 

for beams and 14 groups for columns. It contains 574 system variables, 504 of which were 

for beams and the remaining 70 were for columns. Beams and columns were grouped to 

satisfy the uniformity of members subjected to close forces and have similar behaviors 

according to their place in the frame and loading conditions. A population size of 150 was 

used to insure the best results for stochastic decline. 
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Figure 43 Structural geometry, type classification of beams and columns, and removal scenarios of section A and 
C in the typical three-story RC frame with 3 spans in each horizontal direction. 

 

 

 

Table 14 presents the optimal frame systems resulting from the present progressive 

collapse optimization, considering all of the given removal scenarios shown in Figure 43. 

Both linear static (LS) and nonlinear dynamic (ND) methods were considered. 
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In addition, the result of the optimal frame analysis without considering progressive 

collapse (DMPSO) is also presented as the baseline structure to highlight the changes made 

in the member and steel rebar sizes of optimal results due to consideration of the integrated 

progressive collapse requirements. 
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Table 14 Results of optimum systems based on LS, ND compared to the system without considering PC 

OPTIMIZATION RESULTS 

 LS  ND  DMPSO 

 Sectional 
dimensions 

 
Reinforcements 

 
 

Sectional 
dimensions 

 Reinforcements  Sectional 
dimensions  Reinforcements 

Type  

H
eight 

W
idth  

 

Top-rebar  

B
ot- rebar 

 

H
eight 

W
idth  

 

Top -rebar  
  

Bot - rebar 

 

H
eight 

W
idth  

 

Top -rebar  

B
ot - rebar 

T1 350 350 5-D16 
3-D12 3-D14 6-D16 

4-D12 
6-D16 
4-D12 

3-D12 
1-D16 

5-D16 
3-D12 350 350 5-D12 

4-D12 3-D14 5-D12 
3-D14 

3-D12 
3-D14 

4-D14 
4-D16 

3-D12 
3-D14 300 300 3-D12 

3-D14 3-D12 3-D12 
3-D14 

3-D12 
3-D14 

3-D12 
1-D16 

3-D12 
3-D14 

T2 400 350 3-D16 
3-D16 3-D14 5-D16 

5-D16 
3-D16 
3-D16 6-D14 4-D16 

4-D16 350 350 5-D12 
5-D12 3-D14 5-D12 

5-D12 5-D14 4-D12 
4-D14 5-D14 350 350 3-D14 

3-D14 3-D14 3-D14 
3-D14 3-D14 3-D14 3-D14 

T3 350 350 4-D14 
4-D12 3-D12 4-D14 

4-D12 
5-D14 
4-D12 

3-D12 
1-D16 

6-D14 
4-D12 350 300 4-D16 

2-D14 3-D12 3-D16 
3-D14 3-D12 2-D12 

2-D12 3-D12 300 300 3-D12 
4-D16 3-D12 3-D12 

4-D16 3-D12 3-D12 
1-D16 3-D12 

T4 350 350 5-D16 
4-D14 3-D14 4-D16 

3-D14 
2-D16 
2-D14 5-D14 2-D16 

3-D14 350 350 4-D14 
4-D14 3-D14 3-D14 

3-D14 5-D14 5-D14 
5-D12 4-D14 350 350 3-D14 

2-D22 3-D14 3-D14 
2-D22 4-D14 4-D14 4-D14 

T5 400 300 5-D16 
4-D14 3-D12 5-D16 

4-D14 
3-D16 
1-D14 

3-D12 
1-D16 

2-D16 
2-D14 350 350 5-D14 

4-D12 3-D12 5-D14 
4-D12 

3-D12 
2-D16 

4-D12 
3-D12 

3-D12 
3-D14 300 300 3-D12 

3-D20 3-D12 3-D12 
3-D20 

3-D12 
1-D14 

3-D12 
1-D16 

3-D12 
1-D14 

T6 400 350 4-D16 
5-D12 3-D14 5-D16 

3-D12 
3-D16 
2-D12 4-D14 3-D16 

4-D12 400 350 5-D14 
5-D14 3-D14 4-D14 

4-D14 
5-D16 
3-D12 

4-D14 
2-D12 6-D16 350 350 3-D14 

2-D22 3-D14 3-D14 
2-D22 4-D14 4-D14 4-D14 

T7 450 350 9-D14 
9-D14 3-D14 5-D14 

5-D14 
5-D14 
3-D12 

3-D12 
1-D16 

4-D14 
4-D12 400 300 4-D16 

3-D14 3-D12 3-D16 
3-D14 6-D12 4-D16 

4-D16 5-D12 300 300 3-D12 
2-D22 3-D12 3-D12 

2-D22 3-D12 3-D12 
1-D16 3-D12 

T8 400 300 4-D12 
5-D14 3-D14 5-D12 

6-D14 
5-D12 
2-D14 

3-D12 
4-D16 

5-D12 
2-D14 350 300 5-D12 

5-D12 3-D12 4-D12 
4-D12 

3-D12 
1-D14 

2-D14 
3-D14 4-D14 300 300 3-D12 

1-D16 3-D12 3-D12 
1-D16 

3-D12 
1-D10 

3-D12 
4-D16 

3-D12 
1-D10 

T9 300 300 3-D16 
2-D12 3-D14 3-D16 

2-D12 
3-D16 
2-D12 

3-D14 
1-D12 

3-D16 
2-D12 300 300 3-D14 

2-D12 3-D14 3-D14 
2-D12 3-D14 3-D16 

3-D14 3-D14 300 300 3-D14 
3-D22 3-D14 3-D14 

3-D22 3-D14 3-D14 
1-D12 3-D14 

T10 350 300 3-D16 
2-D14 3-D12 4-D16 

4-D14 
2-D16 
2-D14 

3-D12 
3-D18 

4-D16 
3-D14 300 300 2-D12 

3-D16 3-D12 2-D12 
3-D16 

3-D12 
2-D14 

2-D16 
2-D12 

3-D12 
2-D14 300 300 3-D12 

3-D24 3-D12 3-D12 
3-D24 

3-D12 
3-D12 

3-D12 
3-D18 

3-D12 
3-D12 

T11 300 300 3-D16 
3-D14 3-D12 3-D16 

3-D14 
3-D16 
2-D14 

3-D12 
3-D18 

2-D16 
2-D14 300 300 4-D14 

3-D12 3-D12 4-D14 
3-D12 

3-D12 
2-D20 

2-D12 
2-D14 

3-D12 
2-D10 300 300 3-D12 

3-D25 3-D12 3-D12 
3-D25 

3-D12 
2-D18 

3-D12 
3-D18 

3-D12 
2-D18 

T12 350 350 4-D16 
4-D14 3-D12 5-D16 

4-D14 
4-D16 
3-D14 

3-D12 
3-D18 

5-D16 
4-D14 300 300 2-D16 

2-D16 3-D12 2-D16 
2-D16 

3-D12 
3-D16 

3-D12 
3-D12 

3-D12 
3-D16 300 300 3-D12 

4-D22 3-D12 3-D12 
4-D22 

3-D12 
3-D16 

3-D12 
3-D18 

3-D12 
3-D16 

T13 350 350 3-D14 
4-D16 3-D12 4-D14 

4-D16 
3-D14 
3-D16 

3-D14 
3-D16 

2-D14 
3-D16 350 350 4-D12 

4-D14 3-D14 4-D12 
5-D14 

3-D14 
2-D12 

4-D14 
4-D16 

3-D14 
2-D12 350 350 3-D14 

3-D25 3-D14 3-D14 
3-D20 

3-D14 
2-D12 

3-D14 
3-D16 

3-D14 
2-D12 

T14 400 350 5-D16 
3-D12 3-D12 8-D16 

5-D12 
6-D16 
4-D12 

3-D12 
3-D18 

5-D16 
3-D12 350 300 5-D12 

5-D12 3-D12 4-D12 
4-D12 

3-D12 
2-D12 

3-D14 
3-D14 

3-D12 
2-D12 300 300 3-D12 

3-D24 3-D12 3-D12 
3-D24 

3-D12 
2-D12 

3-D12 
3-D18 

3-D12 
2-D12 

T15 350 350 3-D12 
5-D16 3-D12 4-D12 

6-D16 
2-D12 
3-D16 

3-D12 
1-D16 

3-D12 
4-D16 350 350 5-D12 

5-D12 3-D12 5-D12 
5-D12 3-D12 3-D12 

3-D14 3-D12 300 300 3-D12 
2-D16 3-D12 3-D12 

2-D16 3-D12 3-D12 
1-D16 3-D12 

T16 400 350 5-D16 
5-D16 3-D14 3-D16 

3-D16 
2-D16 
1-D16 

3-D12 
1-D16 

2-D16 
1-D16 350 350 4-D12 

5-D14 3-D12 3-D12 
4-D14 5-D12 5-D12 

4-D12 6-D12 300 300 3-D12 
3-D16 3-D12 3-D12 

3-D16 3-D12 3-D12 
1-D16 3-D12 

T17 350 350 7-D16 
4-D12 3-D12 4-D16 

3-D12 
5-D16 
3-D12 

3-D12 
1-D12 

4-D16 
3-D12 350 300 3-D14 

3-D14 3-D12 3-D14 
3-D14 3-D14 2-D14 

3-D14 
3-D12 
1-D14 350 300 3-D12 

4-D16 3-D12 3-D12 
4-D16 3-D12 3-D12 

1-D12 3-D12 

T18 350 350 3-D16 
3-D16 3-D12 3-D16 

3-D16 
3-D16 
3-D16 

3-D12 
2-D16 

3-D16 
3-D16 350 350 5-D14 

4-D12 3-D12 5-D14 
4-D12 

3-D12 
1-D16 

4-D14 
4-D14 

3-D12 
1-D16 350 300 3-D12 

3-D20 3-D12 3-D12 
3-D20 

3-D12 
1-D16 

3-D12 
2-D16 

3-D12 
1-D16 

T19 450 300 4-D14 
4-D14 3-D14 6-D14 

6-D14 
3-D14 
3-D14 

3-D14 
1-D12 

4-D14 
4-D14 450 350 5-D12 

6-D14 3-D14 4-D12 
6-D14 

3-D14 
3-D16 

6-D14 
2-D14 

3-D14 
2-D16 400 300 3-D14 

3-D20 3-D14 3-D14 
3-D20 

3-D14 
2-D16 

3-D14 
1-D12 

3-D14 
2-D16 

T20 400 350 5-D14 
6-D16 3-D14 4-D14 

4-D16 
3-D14 
4-D16 

3-D12 
1-D16 

2-D14 
5-D16 400 350 4-D14 

4-D14 3-D12 4-D14 
4-D14 

3-D14 
3-D12 

3-D12 
3-D12 6-D12 300 300 3-D12 

2-D25 3-D12 3-D12 
2-D25 

3-D12 
1-D16 

3-D12 
1-D16 

3-D12 
1-D16 

T21 450 350 5-D14 
3-D16 2-D16 5-D14 

3-D14 
3-D14 
7-D14 

2-D16 
3-D14 

5-D14 
5-D14 400 300 5-D14 

4-D12 2-D16 5-D14 
4-D12 

2-D16 
2-D14 

5-D12 
5-D12 

2-D16 
2-D14 350 300 2-D16 

2-D22 2-D16 2-D16 
2-D22 

2-D16 
3-D14 

2-D16 
3-D14 

2-D16 
3-D14 
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OPTIMIZATION RESULTS 

 LS  ND  DMPSO 

 Sectional 
dimensions 

 
Reinforcements 

 
 

Sectional 
dimensions 

 Reinforcements  Sectional 
dimensions  Reinforcements 

Type  

H
eight 

W
idth  

 

Top -rebar 

B
ot -rebar  

 

H
eight 

W
idth  

 

Top - rebar 
  

Bot -rebar 

 

H
eight 

W
idth  

 

Top - rebar 

B
ot -rebar 

T22 500 400 5-D14 
1-D16 3-D20 5-D14 

1-D16 
5-D14 
2-D14 3-D20 5-D14 

5-D14 500 350 4-D16 
4-D16 2-D20 4-D16 

4-D16 
3-D14 
2-D12 

5-D12 
1-D12 2-D20 450 300 2-D20 2-D20 2-D20 2-D20 2-D20 2-D20 

T23 300 300 3-D16 
3-D14 3-D12 3-D16 

3-D14 
2-D16 
2-D14 

3-D12 
2-D24 

2-D16 
2-D14 300 300 2-D14 

3-D16 3-D12 2-D14 
3-D16 3-D12 2-D12 

3-D14 3-D12 300 300 3-D12 
4-D20 3-D12 3-D12 

4-D20 3-D12 3-D12 
2-D24 3-D12 

T24 350 300 4-D12 
5-D14 3-D12 4-D12 

5-D14 
3-D12 
3-D14 

3-D12 
2-D24 

3-D12 
4-D14 300 300 3-D12 

3-D14 3-D12 3-D12 
3-D14 

3-D12 
1-D16 

3-D12 
2-D14 

3-D12 
2-D16 300 300 3-D12 

3-D25 3-D12 3-D12 
3-D25 

3-D12 
3-D14 

3-D12 
2-D24 

3-D12 
3-D14 

T25 450 350 6-D16 
4-D12 3-D14 8-D16 

5-D12 
8-D16 
5-D12 

3-D12 
2-D24 

7-D16 
5-D12 400 300 5-D16 

3-D12 3-D12 4-D16 
3-D12 

3-D12 
2-D20 

4-D12 
3-D14 

3-D12 
2-D20 300 300 3-D12 

5-D20 3-D12 3-D12 
5-D20 

3-D12 
2-D20 

3-D12 
2-D24 

3-D12 
2-D20 

T26 350 350 6-D12 
3-D14 3-D12 5-D12 

3-D14 
3-D12 
4-D14 

3-D12 
2-D24 

5-D12 
7-D14 300 300 2-D12 

3-D16 3-D12 2-D12 
3-D16 

3-D12 
2-D20 

2-D14 
2-D14 

3-D12 
2-D20 300 300 3-D12 

5-D20 3-D12 3-D12 
4-D20 

3-D12 
2-D20 

3-D12 
2-D24 

3-D12 
2-D20 

T27 350 350 6-D16 
5-D14 3-D12 4-D16 

4-D14 
3-D16 
2-D14 

3-D12 
2-D24 

4-D16 
3-D14 350 350 4-D16 

3-D12 3-D12 4-D16 
3-D12 

3-D12 
2-D20 

3-D12 
4-D16 

3-D12 
2-D20 300 300 3-D12 

5-D20 3-D12 3-D12 
5-D20 

3-D12 
2-D20 

3-D12 
2-D24 

3-D12 
2-D20 

T28 400 350 6-D12 
6-D12 3-D14 7-D12 

7-D12 
7-D12 
7-D12 

3-D12 
2-D20 

7-D12 
7-D12 350 300 4-D16 

3-D12 3-D12 3-D16 
2-D12 

3-D12 
2-D16 

3-D12 
3-D14 

3-D12 
2-D16 300 300 3-D12 

3-D20 3-D12 3-D12 
3-D20 

3-D12 
2-D16 

3-D12 
2-D20 

3-D12 
2-D16 

T29 350 350 4-D16 4-D16 350 350  3D-14   4D-14  300 350 2D-14 4D-14 
T30 350 350 4-D16 3-D16 350 350  4D-16   3D-16  300 350 2D-20 2D-20 
T31 350 350 4-D20 4-D20 350 350  4D-20   4D-20  300 350 2D-25 2D-25 
T32 350 350 4-D20 4-D20 350 350  3D-25   2D-25  300 350 3D-25 2D-25 
T33 350 400 3-D20 4-D20 350 350  2D-25   2D-25  300 350 2D-25 2D-25 
T34 400 400 5-D16 5-D16 350 400  3D-16   3D-16  350 400 3D-16 3D-16 
T35 400 400 3-D20 5-D20 350 400  4D-16   4D-16  400 400 2D-16 6D-16 
T36 350 400 5-D20 3-D20 350 350  4D-20   3D-20  300 300 4D-20 2D-20 
T37 350 400 3-D20 5-D20 350 350  2D-20   2D-20  300 300 2D-20 2D-20 
T38 400 400 4-D20 4-D20 400 400  3D-16   5D-16  400 300 2D-16 6D-16 
T39 450 400 5-D16 4-D20 450 400  2D-20   4D-20  450 300 2D-16 6D-16 
T40 450 400 4-D25 4-D25 450 400  2D-25   2D-25  450 350 2D-25 2D-25 
T41 450 450 4-D25 5-D25 450 450  3D-25   3D-25  450 400 2D-25 2D-25 
T42 500 500 6-D25 4-D25 500 500  5D-25   5D-25  450 400 2D-25 6D-25 
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Figure 44 shows the evolutions of the DMPSO algorithm for obtaining these 

optimal systems. It can be seen that DMPSO did not trap to local values and continued to 

converge until it reached the lowest value for the objective function. As validated in the 

graph, the baseline structures in which the progressive collapse requirements were not 

considered, converged to the optimum results in lower number of structural analysis and 

flatten out within less generations. This can be justified by the fact that for the optimization 

process against progressive collapse, DMPSO needs to check the constraints in two stages. 

In the first stage, traditional optimal lateral systems (e.g. seismic) requirements were 

checked. If the structure fails to satisfy these criteria, it proceeds to the DM part for 

adjusting its parameters. Otherwise, it proceeds to the second stage for checking 

progressive collapse requirements. The results are not recorded until all the constraints 

consisting of both groups of lateral and progressive collapse requirements are satisfied. 

Thus, it needs more evolutionary generation to handle the constraints.     
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Figure 44 Convergence rate from DMPSO, based on LS, ND compared to the system without considering PC 

 

Figure 45 illustrates the demand to capacity ratio (DCR) of each class of element 

types. The demand capacities for LS and ND were calculated under regular loading after 

the structure was totally designed for progressive collapse. This implies after the process 

of removing elements are completed and the optimum result was obtained, the DCR is 

calculated based on those sections. As it was expected, bigger sections were used in LS 

and ND when compared to the structure without considering progressive collapse. As a 

result, the DCR of elements in LS is the least among the other methods. Nevertheless, all 

of the DCRs obtained were above 0.6, which shows that the algorithm could find an 

acceptable result for the structure.   

 

 
Figure 45 Maximum DCR of members for each type classification. 
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5.5.2. Case Study 2. Three-Bay Four-Story RC Frame Subjected to Time 

History Loading 

The second case study, which is optimized for its cost against dynamic time-history 

loading in [87], is a 2D three-bay four-story reinforced concrete frame comprised of 20 

elements, 8 beams, and 12 columns. These elements were divided into two beam groups 

and two column groups. A total of four removal scenarios were considered for analyzing 

this structure. Consequently, 46 system variables exist in this problem, 36 for beams and 

10 for columns. The structural geometry, with its grouping details and removal scenarios, 

is depicted in Figure 46. 

 

 
Figure 46 Structural geometry, grouping details, and removal scenarios of the 2D three-bay four-story 
reinforced concrete frame 
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The adopted ground motion time-histories for conducting a nonlinear time-history 

analysis for this model is the one discussed on section 4.2.1 of this dissertation. The results 

of optimal frame systems considering progressive collapse for this frame are presented in 

Table 15. 

 

Table 15 Results of DMPSO based on LS, ND compared to the systems without considering PS 
OPTIMIZATION RESULTS 

 LS  ND  DMPSO 

 Sectional 
dimensions 

 
Reinforcements 

 
 

Sectional 
dimensions 

 Reinforcements  Sectional 
dimensions  Reinforcements 

Type  

H
eight 

W
idth  

 

Top rebar 

Bot-rebar  

 

H
eight 

W
idth  
 

Top rebar 
  

Bot -rebar 

 

H
eight 

W
idth  
 

Top  rebar 

Bot -rebar 

B1 500 450 8-D22 3-D22 8-
D22 5-D18 

5-
D22 
1-

D25 

3-D22 500 450 5-D22 
3-D18 

2-
D18 

3-
D22 
3-

D25 

3-
D22 

4-
D22 
1-

D25 

3-D22 300 350 3-D22 
4-D18 2-D18 3-D22 

4-D18 3-D18 3-D22 
2-D18 3-D18 

B2 650 450 4-D22 
4-D25 3-D22 

5-
D22 
4-

D25 

3-D22 
1-D18 

7-
D18 

2-D22 
2-D25 600 400 1-D25 

6-D18 
2-

D18 
7-

D25 
3-

D22 

3-
D22 
3-

D18 

2-D22 
1-D18 300 350 3-D22 

4-D18 2-D18 3-D22 
4-D18 

1-D22 
1-D18 

3-D22 
2-D18 

1-D22 
1-D18 

C1 600 450 6-D25 600 450 6-D25 450 350 6-D25 

C2 700 450 26-D22 600 450 20-D22 450 350 14-D18 

 

The above table shows that the frame kept for the baseline is the lightest frame since 

it only needs to satisfy the seismic provisions but not progressive collapse requirements 

during the optimization process. Mitigating progressive collapse usually requires stiffer 

members that leads to heavier structure. Since there was only one bay on top of the 

structure, when one of the columns is removed, the total load must be transferred through 

the other column. This results in stiffer elements when compared to the baseline.   
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Both case studies in this chapter show that the linear static procedure is the most 

conservative option and it requires significantly heavier members to resist progressive 

collapse. Figure 47 depicts the convergence history for the DMPSO. 

 

 
Figure 47 Convergence rate for the three-bay four-story 

 

 
Figure 48 Comparison between the time-base shear response of the frames before and after optimization 
according to Trinidad 
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Figure 48 provides a comparison between the base shear of the first feasible 

solution, the best solution obtained by the DMPSO algorithm for the baseline structure, 

and the solution for the case that the structure was designed for progressive collapse based 

on the LS procedure using the Trinidad ground acceleration. As shown, the base shear has 

a higher value than the baseline structure. The reason is that structures optimized for 

progressive collapse need stiffer elements which results in increasing the weight of the total 

structure. In turn, the base shear will increase because of the heavier weight. However, 

comparing result with the first feasible solution, it can be seen that it resulted in the 

reduction of structural base shear over the optimization process. 

 

5.6. Conclusions 

This chapter investigated the integration of the optimization and progressive 

collapse analysis computational framework. The main objective was to evaluate the 

behavior of reinforced concrete structures while satisfying the limitations and 

specifications of the ACI 318 [1] and UFC progressive collapse requirements [3]. Using 

two case studies, the analysis was shown to enhance load redistribution capability of the 

structure by considering the UFC alternate path criteria through finding appropriate 

member sizing. Meanwhile, the cost of the frame was shown to reduce substantially 

through the optimization process. The UFC linear static procedure (LS) is the most 

conservative approach and leads to the heaviest system solutions. However, the 

optimization process allows for significant weight reduction. It was clear that considering 
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progressive collapse will increase the computational cost of the optimization process. This 

is because the algorithm must check different structural element removal scenarios at each 

step. This dissertation investigated the nearest neighbor machine learning technique to 

alleviate this computational challenge. The case studies showed DMPSO’s ability to 

accelerate convergence toward the optimum system solutions while reducing the 

computational effort.  
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6. OVERALL CONCLUSIONS  

6.1.  Conclusions 

This research investigated progressive collapse analysis of three-dimensional (3D) 

reinforced concrete (RC) frames that are optimized for carrying structural loads by 

introducing a unique simultaneous multi-column removal load path. The investigation 

includes formulating an integrated computational framework that incorporates a self-

training machine learning algorithm. This algorithm is used to train the largest machine 

learning models of 3D RC frames containing more than 600 optimized structures to predict 

the posterior based on the trained priors. The efficiency of the computational framework 

was shown by conducting a comprehensive study on the optimization and behavior of 

structures considering both static and dynamic time-history loading, alternative load path 

due to progressive collapse, and second order (P–delta) effects. The research effort 

uniquely integrates ML, AI and optimization methods for evaluating the behavior of 

reinforced concrete structures subjected to complex loadings such as progressive collapse.  

Chapter two provided extensive literature review on the state-of-the-art in 

progressive collapse. While the concept of removing a key structural element from a 

predefined location is typically used as a means of introducing structural damage for 

progressive collapse analysis, recent studies challenge that this approach is inadequate to 

describe structural responses generated from extreme events that lead to disproportionate 

collapse. 
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Chapter three introduced a novel optimization algorithm combining Particle Swarm 

Optimization, Machine Learning and Artificial Intelligence, called DMPSO, which lays 

the foundation for automating the evaluation of structural behavior for progressive 

analysis. The unique component of the proposed algorithm, DM, empowered the algorithm 

with ML and AI to tackle the complexity of structural optimization problems and find a 

faster and optimum solution by escaping from local minimums. The structural system 

limitations and specifications were formulated as a series of constraints to the optimization 

problem and applied as penalties on the fitness function of the algorithm. Moreover, an 

efficient constraint handling technique was proposed, which demonstrated excellent 

performance. The numerical results demonstrated the sound performance of the DMPSO 

algorithm for finding optimum cost or weight of RC structures in terms of efficiency and 

the convergence rate.  

Chapter four presented the investigation of DMPSO for optimization of reinforced 

concrete frames that are subjected to dynamic loading such as blast loads and seismic loads. 

The main objective was to automatically evaluate the behavior of reinforced concrete 

structures subjected to earthquake, internal and external blast loads while satisfying the 

performance limits and structural specifications. The numerical results from two case 

studies revealed that the DMPSO algorithm is effective for incorporating dynamic 

loadings, both in terms of convergence rate and finding optimum cost of reinforced 

concrete frames.  
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After DMPSO showed excellent performance for frames subjected to conventional 

static loadings and dynamic loadings, chapter five presents the investigation of how the 

optimization algorithm and the progressive collapse analysis are integrated in a single 

computational framework. The main objective was to evaluate the behavior of reinforced 

concrete structures while satisfying the limitations and specifications of the ACI 318 [1] 

and UFC progressive collapse requirements [3]. Using two case studies, the analysis was 

shown to enhance load redistribution capability of the structure by considering the UFC 

alternate path criteria through finding appropriate member sizing. This dissertation 

investigated the nearest neighbor machine learning technique to alleviate the computational 

challenge. The case studies showed DMPSO’s ability to accelerate convergence toward the 

optimum system solutions while reducing the computational effort.  

 

6.2. Limitations and Recommendation for Future Research 

The main limitations of this research are the use of a lumped plasticity material 

model and the lack of a direct experimental data needed for comparison results obtained 

from progressive collapse analysis of RC frames.  

Lumped plasticity models were used that simulate material nonlinearity by using 

plastic hinges assigned to their critical locations of the elements. Certainly, a continuum 

model may generate a detailed response. Future work can include employing the continuum 

model while understanding that accurate multiaxial constitutive material model inputs are 

needed for its implementation. 
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With the exception of the NIST experimental data discussed in this dissertation, 

experimental programs on full-scale progressive collapse were not found because they are 

expensive to carry out or are unavailable in the open literature. Experimental programs can 

be envisioned where a series of 2D and 3D can be optimized and subjected to progressive 

collapse analysis noting that a large-scale laboratory facility is need for this. 

This dissertation focuses on RC frames. The contribution of spatial elements in 

buildings, such as walls and slabs, are only included as equivalent loads to the frames. 

Incorporation of a complete 3D spatial system can be envisioned in a future study.  

Furthermore, this research can be expanded to investigate other types of structures, such as 

bridges. The recent Florida International University pedestrian bridge collapse is a stark 

reminder that progressive collapse is of a concern beyond buildings. It can also aid to 

strengthen existing structures against progressive collapse through retrofitting 

techniques[96], [97]. 
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