2.7	Optimization Techniques
The inadequacy of available resources to match the incessant growth in human population has called for a radical decision on how to use resources optimally. This makes optimization of structures and engineering design, in general, a subject of interest to researchers.  A development which led to the emergent of several optimization methods that can be classified into, analytical, numerical, and more recently stochastic methods (Kaveh, Ghazaan 2018a).
The concept of using mathematical tools to find optimum solutions to problems which can either be minimum or maximum values of a function is referred to as Analytical and Numerical optimization techniques (Kaveh, Ghazaan 2018a). These mathematical methods give the optimum solution as the exact solution to the specified objective function provided that all the required constraints have been satisfied as stipulated in the optimization formulation. 
Numerical methods categorically employ complex mathematical method (i.e mathematical programming) in their execution and therefore entails expressing the problems using an algorithm. The most prevalent numerical method used in solving optimization problems is gradient techniques. Others include sequential linear programming, integer programming algorithm, and so on.
These numerical methods have been in use since the 1970s to solve different kinds of small-scale optimization problems (Stathis Eleftheriadis et al., 2018). Using numerical methods to handle larger-scale optimization problems is very complex, extremely time-consuming, and might not return a satisfactory solution (Kameshki, 2003a; Phan et al., 2017). This is because large-scale optimization problems usually consist of non-linear equations that can not be solved using simple numerical methods (Phan et al., 2017).
Meanwhile, the stochastic methods also known as heuristic search methods are built for complex optimization problems and thus can effectively return a satisfactory solution for large-scale problems. Stochastic methods are appropriate for discrete design variable problems and large space structures. They are based on random iteration strategies inspired by nature and do not need to compute gradients for the objective function and constraint as required for the numerical methods (Kaveh, Ghazaan 2018b). Genetic Algorithm (GA), Simulated Annealing (SA), Ant Colony Optimization (ACO), Harmony Search (HSA), and Particle Swarm Algorithm (PSO) are some of the famous stochastic methods. Their key limitation is that they generally required more function evaluations making them very slow and faced with the prospect of getting trapped in the local minima (Fig 2.1) (Dogan 2010; Kaveh, Ghazaan 2018a).
2.7.1 	Genetic Algorithm (GA)
Genetic algorithm is an evolutionary optimization strategy that is fundamentally derived from Darwin’s principle of survival of the fittest (Kameshki, 2003a). It belongs to the family of stochastic methods that are mostly used in obtaining the global minimum with a high probability. Genetic algorithms employ the probabilistic transition rule to perform directional search and find the optimum solution from the individual population without the need for the gradients of the objective function. This algorithm is most appropriate in solving discrete and non-differentiable optimization problems (Rao 2009; Phan et al. 2017).
According to (Torregosa and Kanok-Nukulchai, 2002) and (Kameshki, 2003a), GA is very efficient and fairly easy to use with the technique only applying chromosomes to conduct finite point search. However, (Khalifa, 2011) pointed out that this approach can sometimes lead to a feasible local optimum solution, a situation that has been attributed to the enforcement of too severe penalty function as revealed by (Torregosa and Kanok-Nukulchai, 2002). Another major drawback of this efficient stochastic optimization method, GA is its slow speed of execution leading to increased computational time and stopping criterion (i.e.complexity in achieving the desired generation size) (Torregosa, Kanok-Nukulchai 2002).
GA operates on binary strings and thus only entails copying and partial swappings of the binary strings (Torregosa, Kanok-Nukulchai 2002). In the process, an identified set of individuals that can potentially be the solution are regarded as Vectors. The components of these vectors often referred to as genes are formulated using the design variables of the optimization problem (Jármai, 2000). In order to complete the formulation process, these genes’ real values are broken down to form the strings as explained by (Jármai, 2000).
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[bookmark: _Toc51317499]Figure 2.3: Illustration of local and global minima (Rao, 2009)

(Jármai, 2000) further clarified that the GA methods make use of three distinct operators which are crossover, mutation, and reproduction operators to replicate the evolution rules. Each of these three operators plays a different role in determining the performance of the GA. For instance, the process of random collection of individuals from the entire population to form a new population is executed by the reproduction operators. The crossover on the other hand deals with the swapping of individual genetic information with another in the chromosomes. The mutation operator facilitates the characters modification of the evolving offspring (Jármai 2000). All three operators perform continuous iterations on the existing population until the convergence criterion set is satisfied to form a new population. The convergence of the entire process is tested using a fitness value. (Rao 2009) briefly summarized that operations of crossover, mutation, reproduction, and evaluation of fitness value must be performed to complete one generation as illustrated in Figure 2.4. 
(Rao 2009; Jármai 2000) further explained that the operations of each of these distinct operators are very different The crossover operator which can be single-point, two-points, or uniform crossover utilizes a particular probability (pc). The mutation operator (i.e either single-point or bit-wise) uses another probability (pm) to perform their operations. Meanwhile, the elitist, tournament selection, and roulette wheel are some of the identified reproduction operators (Rao 2009; Jármai 2000).
Previous studies such as (Rao 2009; Arora 2017; Messac 2015), (Torregosa and Kanok-Nukulchai, 2002; Kameshki, 2003b; Bel Hadj Ali et al., 2009; Yassami and Ashtari, 2015) have established that the outcome of the GA optimization process is greatly influenced by the size of the population and generation for the genetic algorithms Their studies revealed that high population size will significantly increase the time of computation even though this can sometimes enhance the possibility of obtaining the best optimum solution. Finally, to avoid the risk of abrupt termination of the search during the optimization process, an adequate generation size will be required (Rao 2009; Arora 2017; Messac 2015).
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[bookmark: _Ref51259511]Figure 2.4: Steps of genetic algorithm process (Torregosa and Kanok-Nukulchai, 2002; Kameshki, 2003a)

The efficacy of the application of GA optimization techniques has been widely researched and many of these studies have affirmed that GA is very superior and produces the best results. This was demonstrated in the comparative study conducted by (Ali and Seyan, 2014) where a cost optimization was performed for simply supported doubly reinforced beams using the GA, Generalised Reduced Gradient (GRG), and interior point algorithm. (Ali and Seyan, 2014) results show that the least optimum cost was achieved using the GA, which proved the superiority of GA over other methods.
Another comparative study involving the application of GRG, GA, and Sequential Quadratic Programming (SQP) with different compatible software packages performed by (Yenjay, 2005) was reported in (Alkhadashi, 2016). The results also revealed that the best optimum solution was achieved with the GA, although with an increased computation time for a case study problem that is not large (Yenjay, 2005). However, the other two methods considered in the study (i.e GRG and SQP) did not return any results for some of the results as the solution was trapped in local minimum points. 
In addition, (Torregosa and Kanok-Nukulchai, 2002) compared the application of elitist and non-elitist search procedures for the minimum weight of two planar frames to identify which of the two is the best GA approach. According to (Torregosa and Kanok-Nukulchai, 2002), for an optimization problem with a limited number of generations or many variables,  the elitist search procedures produce better outcomes. The GA in comparison with the SQP, GRG, and interior point algorithm is very efficient and performed with greater superiority (Ali and Seyan, 2014); (Yenjay, 2005).
Meanwhile, Hasancebi et al. (2012) contend that the GA is less effective compared to some of the other metaheuristic algorithms such as PSO and ACO. Their submission was based on the comparison of seven different metaheuristic algorithms to solve optimizations problems on real size moment steel frame as reported by (Kaveh and Ghazaan, 2018). Hasancebi et al. (2012) concluded that the best result of the optimization problem was achieved using the simulated annealing (SA) and the evolution strategy. This was in agreement with the findings from the earlier study, (Khalifa, 2011) that concluded that implementation of the survival of the fittest procedure in the GA techniques impact the effectiveness of the method because some good individuals may have been lost in the process. (Khalifa, 2011) study was on finding the optimum/minimum weight of semi-rigid and rigid steel frames using the GA and the Harmony Search Algorithm (HSA). As deduced from the finding of (Khalifa, 2011) study, the HAS produced the best results in terms of the minimum weight. The minimum weight from the HAS compared to the GA is 5.18-11.8 % lighter for the rigid and 7.7-11.2% lighter for the semi-rigid frames.
2.7.2 	Particle Swarm Optimization technique
Kennedy and Eberhart in 1995 first proposed the Particle Swarm Optimization (PSO)  technique based on inspiration from the social behavior of bugs, birds, and fishes. The technique basically imitates the insect swarm behavior, fish schooling (Figure.2.5), and the behavior of birds flock. PSO is grouped into the family of behavioral inspired algorithms (Dogan 2010). These primary organisms which the PSO method was based on using specific social hierarchy in all aspects of their lives such as food and reproduction. Therefore, the application of the PSO technique in finding the optimum solution is analogous to the way insects or swarms find their food. According to (Dogan 2010), the representation of the individual organism of either a swarm or flock is referred to as the particle in PSO while the swarm is used to represent the whole population (Dogan 2010).
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The behavior of each organism within the swarm cluster is strictly governed by the individual and cluster intelligence which prompt the individual swarm to easily adapt its behavior to match that of its neighbors. (Arora 2017) explained that the intelligence of individual swarm facilitates members to follow any food path established by any member of the cluster irrespective of their distance apart. This concept of imitation is exactly what the PSO method implies. The PSO technique has been proved and well established as a robust and efficient technique for optimizing civil engineering problems. It also has proven records of successful applications to other engineering fields including mechanical, artificial neural network training, multi-objective optimization, and fuzzy system control. It is very easy to apply because of its lesser algorithmic parameters (Arora 2017). 
The effectiveness of the PSO techniques in handling multi-objective optimization problems on rigid steel frames has also been tested by (Soori and Salajegheh, 2019). The constraints imposed by (Soori and Salajegheh, 2019) were based on AISC-LFRD, the study also considered earthquake effect in the optimization formulation. The key conclusion from the study is that PSO is very efficient in handling such real-size problems. 
In addition, (Esfandiary, Sheikholarefin, and Bondarabadi, 2016) performed a multi-objective function cost and weight optimization of RC frames by applying a multi-criterion decision-making PSO (DMPS). The optimization outcomes were obtained in just three runs within a short time for three benchmark problems considered in this study. This also buttressed the submission of  (Arora 2017) about the simplicity of PSO.
(Arora 2017) further expatiated that the PSO has some typical attributes of the evolutionary computation techniques like GA. The PSO process usually begins with a randomly developed individual (i.e particles) which represent a set of solutions. Thereafter followed by the updating of generations through the velocity update that directs the movement of the particles around the design space to find the optimum solution to the problem (Arora 2017).
During the course of searching for a global optimum, the particles follow up on their individual best position (also known as particle best) so far and the current position. The best position that has already been achieved by the swarm (also known as global best) is also recorded. The velocity update mentioned by (Arora 2017) enforces the particle movement in the direction of the best-known position i.e. either its own or the global best, in each iteration. This process is continuous with successions of iterations until the global optimum is achieved or the iteration size is exhausted (Rao, 2009; Dogan, 2010; Arora, 2017). 
As demonstrated in Figure 2.6, (Rao 2009) presents an overview of the overall process of PSO  application for discrete problems. The process begins by specifying some initial parameters such as the size of the population, the maximum iteration number, initial particle, and velocity values. Once the process begins, the value of the velocity and position of the particle will keep updating in each time step. If a convergence point has been reached, the returned lowest value of the objective function is chosen as the best/optimum solution. Meanwhile, if the solution did not converge, the next iteration is started. During each iteration, an objective function for each solution will be evaluated and the global optimum is obtained when the values of the minimum objective function are the same for all points.
The main advantages of the PSO are that the technique uses a reduced computational time and also has a better convergence rate (Dogan, 2010). As established from the application of PSO to perform minimum weight optimization by (Dogan, 2010), PSO produces better design when using continuous variables as an alternative to discrete variables. On the other hand, there is the possibility of encountering disorder in the process convergence due to change of just one parameter and this can considerably affect the outcome of the process. 
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2.7.3 	Harmony Search Optimization technique
This is one of the most recent stochastic search techniques and the concept was based on musically pleasing simulation to solve combinatorial optimization problems. The Improved Harmony Search Algorithm (HSA) finds the optimum solution to design problems by employing a procedure that is similar to the process through which a musician search for pleasing harmony. Similar to the way through which the aesthetic quality depends on the pitch of the instrument in music, the value of the objective function depends on the values given to each decision variable in the HSA optimization process. A critical review of the existing works on optimization techniques revealed that HSA technique has been successfully deployed to solve many practical optimization problems in engineering fields. However, its application to the optimization of structural engineering problems is very scanty, an indication that further study is required in this area. One of the earliest studies that applied HSA techniques to structural problems is (Lee, Geem 2004). Lee and Geem (2004) find the minimum weight design of planar and space truss structures using HSA. Thereaafter, Saka et al. (2009) and Değertekin (XXXX) performed the optimum design of steel frames formulated according to BS5950 and LRFDAISC design codes with HSA (Saka 2009) and (Erdal et al. 2008a). Owing to the success recorded in their earlier studies, (Saka, Erdal 2009) and (Erdal et al. 2008) further deployed the method to find the optimum W-sections for the transverse and longitudinal beams of grillage systems. The abovementioned studies where HSA has been used comprises a relatively small number of design variables and the common observation from all the reviewed studies shows that HSA is very quick and efficient method for solving small-scale optimization problem.
[bookmark: _Hlk94891661]Hasançebi et al. (2009) carried out a comprehensive evaluation of the performance of the HSA techniques in optimum design of real-size trusses and frames formulated according to ASD-AISC. The key conclusion from (Hasançebi et al. 2009) is that the HSA technique is very unsatisfactory and slow. Unlike other metaheuristic techniques that are characterized by high speed and efficiency, the HSA performance was described as substandard and characterized with slow rate of convergence and unreliable search efficiency (Hasançebi et al. 2009; Hasançebi et al. 2010). As such an improvement to the application of HSA technique to structural optimization problems was recommended and this is one of the key drivers that necessitate the current study presents in this thesis.
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Life Cycle Assessment (LCA) is one of the widespread tools used in assessing the environmental impacts of systems. In this section, the (LCA) of steel structure from a construction standpoint is presented. The needs for the use of LCA in the building sectors and its importance to support decision-making within the built environment, in general, were discussed. Thereafter, the applications of LCA within the construction sector are described by critically reviewing some case studies involving the LCA formulation and application to buildings or building materials of steel structures. For instance, a critical review of the complete life-cycle energy usage of two- and three-dimensional steel structures was performed. The review considers the initial estimated embodied energy, embodied carbon, and the total cost involving the (material, transportation, production, and erection) cost to account for the complete assessment of all activities (i.e the whole process of construction).
2.8.1	Cost Evaluation
The Steel Construction Institute (SCI) postulated that appropriate use of steel in building and construction can enhance attaining the economic pillar of sustainability in construction (SCI, 2008). Steel compared to other materials used in construction has low operational and investment costs (about 2-4% cost saving), aesthetics, and speedy construction. Nevertheless, the application of optimization to steel design will ensure that more savings are made.
The total cost of the structure is greatly influenced by the cost of the frame of the buildings. Although the cost contribution from the superstructure or framework cost is just about 10% of the total cost of the building (Burgan et al., 2012) but it has multiplying effects on other costs. For instance, (Burgan et al., 2012) explained that an 100 mm reduction in the ceiling floor zone of a building results in 2.5% saving in the cost of cladding which subsequently leads to 0.5% saving in the overall cost of the building.
The Institution of Structural Engineer (IstructE, 2000) submitted that implementing a design decision that adopts uniform size for similar members of slightly variable span is usually cost-effective than having a variety of sizes. This is because the cost of designing, detailing, procuring, fabricating, and erecting typical steel sections is less than having many different sizes of steel that will only prioritize having the lowest possible weight of steel. However, this type of design approach often increases the weight of steel and thus increases the embodied carbon emissions of the structure (Moynihan and Allwood, 2014). Another drawback of using this approach is the underutilization of sections capacity as demonstrated in a study that confirms that the average utilization of beams’ capacity is less than 50% for about 10,000 steel beams (XXXX).
However, pertinent study on the optimization of steel designs has shown that performing cost optimization may create a balance between cost and weight minimization. This is supported by (Pavlovčič, Krajnc and Beg, 2004) findings that reveal that some cost optimization shows a linear relationship between minimum cost and weight. (Pavlovčič, Krajnc and Beg, 2004) compared classical design and volume-based cost optimization with actual cost optimization. In the optimization formulation for the rigid steel frames, several cost contributors such as cost of materials, fabrication, transportation, erection, and finishing were included in the objective function. (Pavlovčič, Krajnc and Beg, 2004) applied a metaheuristic method, GA, and mathematical programming method, the Sequential Unconstrained Minimisation Technique (SUMT), to perform cost and volume optimization of 2 bay two-storey frame and 5 bay four-storey frame. 
There is a linear relationship between the results from cost and volume-based optimization. The result shows that some costs like whole forming and blast cleaning costs were not significant on the results which are the same for all three cases. The significant cost contributors were the cost of materials, fabrication (including welding and/or bolting cost), erection, transportation, and finishing/painting costs, particularly for larger structures. Therefore, it is concluded that weight optimization can be used for cost optimization and save adequate cost provided that the objective functions incorporate the major costs at different stages in optimization formulation. 

 2.8.2	Cost Model
This review considered five relevant studies ((Marwaha (2017); (Jin, Ohmori and Lee, 2017); (Bel Hadj Ali et al., 2009); (Pavlovčič, Krajnc and Beg, 2004) and (Sarma and Adeli, 2002)) to understand the cost model, each of the selected studies consider different cost contributors with the cost of materials, although with different boundaries included in all the studies. Also, the cost of fabrication with slight differences in their respective processes was considered by (Jin, Ohmori and Lee, 2017); (Bel Hadj Ali et al., 2009); and (Pavlovčič, Krajnc and Beg, 2004). Two studies which are Marwaha (2017) and (Pavlovčič, Krajnc and Beg, 2004) included the cost of transportation in their cost formulation. Similarly, the cost of welding on site was included by (Jin, Ohmori and Lee, 2017) while Pavlovčič et al. (2004) and (Bel Hadj Ali et al., 2009) accounted for the total cost spent throughout the erection stages. The treatment cost to protect fire and corrosion of steel was accounted for by Marwaha (2017). Meanwhile, (Pavlovčič, Krajnc and Beg, 2004) and (Sarma and Adeli, 2002) incorporated the cost of general painting in their cost model. In this study, the complexity of the fabrication cost was recognized but considering the available limited time, only four costing elements (i.e the cost of materials, transportation, erection and finishing) were considered. The formulation of the objective formulation as derived from the selected studies are as follows.

2.8.2.1 Material cost
As claimed by (Heinisuo et al. 2016) the cost of materials accounts for about 40% of the total cost of steel structures. Three studies (i.e (Marwaha (2017); (Jin, Ohmori and Lee, 2017); and (Pavlovčič, Krajnc and Beg, 2004) state the objective function for the procurement cost of materials. The weight of the steel in all three studies greatly influences the material objective function because steel is usually priced by weight. Since there is a consensus of opinions across the three studies, the respective equation adopted were shown from Equations 2.5 –2.7.
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2.8.2.2 Transportation cost
Accordingly, the objective functions by each of them are shown from Equations 2.8 and 2.9.
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Where: 
 and   are transportation cost factors
		is the structural elements’ volume

An indication from both equations 2.8 and 2.9 is that the transportation cost also depends on the weight of steel as both equations involve mass and/or density. This is also simply related because the carrying trucks transporting steels are classified using their tonnage capacity. Although, (Pavlovčič, Krajnc and Beg, 2004) recognized that other factors such as the number of times the truck traveled between the factory and the site, the influence of the dimension of the cross-section also affect the total transportation cost. However, the inclusion of such factors in cost formulation can sometimes be difficult. As such, an easy approach of transport cost formulation based on the weight of steel is preferred (Pavlovčič, Krajnc and Beg, 2004).

2.8.2.3 Erection
Similarly, the cost of erection (see equation 2.10 - 2.12) significantly depends on the steel weight in addition to the labor cost and cost incurred on the machine power used throughout the erection stages. (Pavlovčič, Krajnc and Beg, 2004) included additional factors like man-hour per quantity accounting for several other parameters such as the structure typology, the types of connection used, the condition of erections, and other factors that influence the erection process. These parameters identified by (Pavlovčič, Krajnc and Beg, 2004) are key important determining factors on how work will be done at the erection stage. Where the erection cost is priced by hours spent on the job, an increase in time will definitely increase the total cost of erection and this should be properly accounted for in the cost estimation. As an illustration, using multiple shorter span beams will require more erection time than using single long span beams because the crane will spend more time carrying several pieces than just carrying one long piece. Therefore, the objective function formulation that accounts for this kind of scenario was adopted by (Pavlovčič, Krajnc and Beg, 2004).
(Bel Hadj Ali et al., 2009)
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1) Pavlovčič et al. (2004)
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Where:
, and 	are erection cost factors 
		is the structure’s mass
 		is the on-site welding cost factor 
 		is the weld length
 		is the total erection time
2.8.2.4 Finishing
The finishing cost of steel structures includes the cost incurred on the protection of fire and corrosion estimated as follows.
· Painting/Corrosion Protection
The (IstructE 2000) requires a provision of protective system for steel structures, particularly where they are exposed to moisture conditions to prevent corrosion. Steel corrosion is an electrochemical process that needs the simultaneous presence of oxygen and water. So, light protection, usually for cosmetic purposes is sufficient when steels are used for dry building shells (IstructE 2000). There are several available corrosion protection systems e.g painting, metallic coating. The key factor to be considered in selecting an appropriate steel protection system is the environmental condition to which they are subjected to (IstructE 2000).
In Equations 2.13 - 2.15, the cost formulation for a typical paint system of steel protection is given. The equations 2.13 - 2.15 show that the cost is a function of the total surface area of the steel. Although, Pavlovčič et al., (2004) included the time and cost of manpower. 
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1) Sarma and Adeli (2002)
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Where:
Cc 			is the corrosion cost factor 
,  and 	 	is the total steel surface area
 			is the sections’ length of the section
 			is the cost of labor and equipment for paint 
 			is the painting time required for painting 
 		is the paint coat’s cost, 
 			is the paint quantity used
· Fire Protection
According to (IstructE 2000), above 6500C fire will weaken structural steel members and thus there is need to provide fire protection using insulating materials to sustain their resistance to actions during such intense fire. (IstructE 2000) highlighted that the period of fire resistance required and the member section factor (i.e. heated perimeter/cross-sectional area) determine the type and thickness of insulation to be applied (IstructE 2000). 
Steel structural members use as beams, floor slabs and columns have to satisfy a specified fire resistance, typically around 60 to 120 minutes (IstructE 2000). Although, all steel buildings do not require protection because the need for fire protection depends on the other structural elements of the building like composite slab. To arrive at the decision. fire engineering analysis is usually carried out to establish if fire protection will be needed or not. Meanwhile, an efficient strategy for fire engineering can also prevent the need for fire protection. A typical case study is that of the Luxembourg Chamber of Commerce, where the fire assessment has shown that additional fire protection is not required for the building (Burgan et al. 2012).
The total cost of protecting fire will depend on the profile of the steel shape and the type of protections put in place. In addition, The cost of manpower, scaffolding, and materials are included in practice to arrive at the total cost of protection. As previously highlighted (Burgan et al. 2012), the amount of material for fire protection will depend on the surface area to be protected and the desired thickness of the protection. Earlier studies have shown that typical column requires more coatings of fire resistance than a typical beam. For instance, an approximately 15 mm thick fire protection board will be sufficient to protect beams for around 90mins and only 60mins for columns. Equations 2.16 and 2.17 presents the expression given for fire protection by (Burgan et al., 2012).
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Where  and  are the cost factor and man-hour respectively.
The adopted functions for each stage are all defined in chapter 4. 
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Generally, a properly detailed and maintained steel structure can be used indefinitely. One of the great advantages of steel structure is the ability to offer reuse and recycled value. According to (SCI 2008) about 10% of the total steel structure can be reused and still maintain their strength and quality while 84% of them can be recycled.
However, when estimating the overall performance of structural steel, The amount of embodied energy and carbon should be taken into account. (Stathis Eleftheriadis et al., 2018) reported that the carbon footprint of steel frames can be between 20-30% for 50-years lifespan. Shadram (Dixit, 2017a) also asserted that the embodied energy of steel building can be up to 60% of the total energy use of the building. 
Currently, there are emphases on energy-efficient buildings but it has been widely accepted that the embodied energy and carbon will keep going up if not properly checked during the design of buildings. (Dixit, 2017a) stated that energy-efficient buildings often require more materials than conventional ones to achieve a low rate of energy consumption. This in turn will increase the embodied energy within the buildings because of the higher quantity of the materials involved.
According to (Dixit, 2017a), embodied energy (EE) is defined as the total amount of the primary energy utilized in constructing a building through the use of construction materials, products, and processes, along with related transportation, administration and services. It is also referred to as the sum of energy involved in manufacturing a product assuming that this energy is embedded within the product (Haynes, 2010). In structural engineering, the product is the building or structure and the manufacturing process involves the manufacturing of construction materials involved, the transportation from the factory to sites where they are needed and the coupling together of the materials to make the final products (i.e the building). To have a complete account of the embodied energy, the energy needed during demolition, recycling and the final disposal of the waste is also considered. EE belongs to the class of non-renewable energy that cannot be regained after it has been used, so newer sources are always needed for any subsequent uses.
Meanwhile, Embodied Carbon (EC) is the resultant lifecycle greenhouse gas emissions that occur during all processes involved (i.e from the manufacturing of raw materials to the demolition of the final products). EC is often used interchangeably with carbon footprint and is normally expressed as an equivalent of carbon dioxide CO2 (Chae, Kim 2016). In addition, the total energy used and the corresponding emission from the operation stage of the building are referred to as Operational Energy (OE) and Operational Carbon (OC) respectively. OE and OC account for the energy consumed and emissions resulting from lighting, heating, cooling, and ventilation of the building.
(The Crown Estate, 2014) argued that lowering the EE and EC can be more measurable and satisfying than lowering the OC and OE. The argument was based on the fact that energy saving on OE and OC spread over a long period of time whereas the EE and EC savings are immediate and can be quantified instantly. The Crown Estate (2014) reiterated that the positive impacts of savings made from EE and EC on the environment are more valuable than that of OE and OC because the long-term savings from OC might be small in comparison with what is needed at that time. Most importantly, the behavior of the end-users and their awareness of sustainability determine the amount of OC savings attainable which is an indication that the estimated savings might not actually happen during usage. As such, (The Crown Estate 2014) affirmed that reducing the EE and EC will significantly reduce the environmental emissions which will improve environmental sustainability.
The LCA of a building (see Figure 2.7) demonstrates the framework for comparing different services, materials and components for a building structure (Zhou, Azar 2018). The process entails different stages often referred to as system boundaries for estimating the EC and EE of a particular project. Usually, the Initial Embodied Energy (IEE), Recurring Embodied Energy (REE) and Demolition Energy (DE) are the boundaries recognized.
The IEE comprises the EE of materials used for the building, energy incurred during transportation and construction. Meanwhile, REE is the amount of energy used during the operation of the building in excess of the main OE. REE includes the energy consumed as a result of repair, renovation, replacement and the general maintenance of the building. The final boundary is the DE which is described as the amount of energy used in the demolition, reuse and recycling or disposal (Dixit, 2017a) 
The critical review of pertinent studies shows that efforts are been concentrated on estimating the embodied energy of material extraction and processing because of its high impacts but energy from other stages in the life cycle are been neglected. (Stathis Eleftheriadis et al., 2018) reported that Vukotic et al. (2010) employed LCA technique to investigate the impact of different lifecycle stages on the amount of the embodied carbon of the structural elements. Vukotic et al. (2010) revealed that the major contributors to EE were material sourcing and waste handling after demolition. On the other hand, the EE from the transportation, labor, construction and demolition stages were minor. Nevertheless, the contribution from all the stages should be considered for the appropriate estimation of EE and EC.
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2.8.4   Embodied energy and carbon models 
The optimum embodied energy has been attributed to the minimum weight of steel by many researchers but still, some other studies contend this claim as established by Foraboschi et al. (2014) and also cited by (Stathis Eleftheriadis et al., 2018). Foraboschi et al. (2014) reported that the embodied energy of steel does not relate to the least weight when optimizing various tall building structural floors.
The IEE system boundary is considered in this study and the EE and EC functions were obtained from the previous studies. The function given by each of them for each phase is given as follows with a justification for choosing it. 
2.8.4.1 Material
The contribution of materials used in constructing building elements to the total EE is widely accepted as the highest. This is substantiated by (Zhou and Azar, 2018) findings that 75% of the EE of the building is from the materials used in the building. Specifically, steel is known for higher embodied energy compared to other materials used in buildings. So, it is highly required that the embodied energy of the materials should be included in the estimation of EE and EC. 
Equations 2.18 - 2.21 presents the calculation of embodied energy of the material used in building as found in literatures.
(Zhou and Azar, 2018)
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Where:
,  and 		is the total embodied energy
, ,  and 		is the factor for the embodied energyr
				is the waste factor
All the equations presented are a function of the mass of the structure and the EE factor because the mass of materials is widely used in their quantification. The amount of energy used in the extraction of raw materials, the type of energy used during production, transportation between the factory and the site are accounted for in the embodied energy factor. The factors vary for different locations and the adopted database.
2.8.4.2 Transportation
As pointed out earlier, the embodied energy from the transportation of materials and other accessories associated with the building construction is vital in assessing the life cycle of a building. (Dixit, 2017a) found that excluding the transportation effect from the LCA will reduce the total embodied energy by 5-7%. The major determinant from the transportation energy is the fuel used by the conveying means and the amount of emission the system is generating. So, an accurate estimation will account for all energy from the movement of materials, equipment, labor, wastes and others (Dixit, 2017a). 
An approximate estimation of the transportation energy is usually carried out by calculating the travel distance even though, Nassen et al. (Dixit, 2017a) submitted that this approach does not accurately account for all the EE from the transportation. (Dixit, 2017a) argued that several other factors such as the type and size of the vehicle in use, the weight of the materials or equipment been transported determine the amount of the embodied energy involved in the transportation stage. Meanwhile, finding all these factors is sometimes challenging and as such the EE is predicted using the amount of materials and the travel distance (Zhou, Azar 2018). The expressions found in existing literature are given from Equations 2.22 – 2.25.
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Where:
, , 		 is the ransportation energy
, , , 	is the consumption factor for transportation
			is the consumption factor during loading and unloading
,	is the total distance traveled from factory to fabrication site
		is the total distance traveled from fabrication site to construction site
			is the number of distribution centers
Even though there are variations in all the equations 2.22 – 2.25 but all of them depend on the mass of the material's structure and the distance traveled. The distance traveled is very important because the energy consumption and emission will be a function of how far the vehicles as traveled.
The impact of having different distribution centers was considered in the formulation by (Zhou and Azar, 2018). This was based on the fact that energy is expended during the loading and unloading of steel from one distribution center to the other. Although, this is difficult to account for because the number of centers the steel has passed through might be difficult to ascertain. The easily measured distance is from the steel shop to the fabrication shop or directly to the construction site. (Zhou and Azar, 2018) also involved energy consumption for the return trip of the vehicle which was taken to be around 66% of the energy expended for the full trip. The inclusion of return trips was also suggested by ICE (Hammond, Jones 2011) for proper estimation although they mentioned that not all projects would require the return trip.
Meanwhile, the return trip consideration was not included in the approach by (Brutting, Senatore and Fivet, 2018; Brütting et al., 2020) but their calculation considered the distance from the steel industry to fabrication and to the usage site while multiplying with the corresponding transportation factor.
Therefore, the formulation of the objective function presented in this study included only the distance from shop to site and the return trip. Since the energy incurred on the transportation depends on the steel weight, the additional steel material that would be counted as waste during the transportation is also added to give a full measure of the weight.


2.8.4.3 Erection stage
In structural steel construction, the erection stage encompasses the assemblage of the components, sub-assemblies and products to construct the finished building. (Dixit, 2017b) claimed that if the energy incurred at the rection stage is excluded from the estimation, the total EE will be reduced by about 10%. The energy used at the erection stage depends on the type of equipment used during the process. Different types of equipment such as hoisting, welding machine, crane, earthmoving machinery and others require different forms of energy like electricity, steam, fuel, etc. for their operations. So, the amount of energy used and their emission will depend on the type of energy used. Even though, steel construction process is quite simple and does not require extensive use of equipment, a proper account of any energy incurred at the erection stage should be accounted for as shown in equation 2.26 – 2.29. 
(Zhou and Azar, 2018))
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Where:
	is the amount of time for lifting and installation process
	is the energy consumption factor
	is the energy consumption factor for hoisting crane
	is the emission factor
	is the total mount of resources or energy usage
(Brütting et al., 2020) accounted for just the mass and the hoisting crane energy because the study conducted a comparison with a similar structure and as such, the common processes in the two cases were not considered. Both (Brütting et al., 2020) and the baseline study used only the mass because of the assumption that the mass of the building is the key determinant to the total energy used by the crane. Therefore, the energy form differences for various types of equipment is ignored.
On the other hand, (Mao et al., 2013) considered all the major equipment required for the erection of structure and their individual energy type used during their operation. Thereafter, a factor of energy usage was assigned to each equipments in relation to the three main forms of energy considered (i.e fuel, electricity and water). Although, (Mao et al., 2013) explanation is not related to the construction of steel structures.
Finally, an estimation of the embodied energy during the erection process that accounts for the equipment type and the total time spent on the erection process was conducted by (Zhou and Azar, 2018). The study used the amount of fuel expended by the equipment (ECFi) to calculate the energy consumption and emission of the equipment. (Zhou and Azar, 2018) approach is similar to the model of off-road and non-road prescribed by California Air Resources Board (CARB) and Environmental Protection Agency (EPA) US respectively for fuel consumption of equipment (Akbarnezhad, Xiao 2017). From the critical review of all methods,  the approached adopted y (Zhou and Azar, 2018) seems very practicable and thus was adopted in this study. Meanwhile, the estimation of erection time was carried out using a complicated program in BIM. So, to avoid the complexity due to the limited time and resources, this study adopted the time as a function of the steel weight.
[bookmark: _Toc51963433]2.9	MATLAB Software
The structural engineers aim to have a satisfactory optimum design that can achieve any optimization goals. However, most of the existing methods to implement these optimization techniques are very complex making it difficult to achieve optimum design (Msabawy 2017). But the increasing development of powerful computation tools and the ease of their accessibility has advanced the application of optimization techniques to solve real size problems (Torregosa, Kanok-Nukulchai 2002). One of such simple and effective optimization packages is MATLAB. 
MATLAB is a global optimization toolbox with various optimization algorithms (e.g GA, PSO, SA etc) embedded within the program (Messac 2015). This Toolbox comprises a library of programs or m-files, that is fit for solving least squares curve fitting, minimization, and other problems (Rao 2009). They can also be used to solve both constrained and unconstrained optimization problems (Arora 2017).
(Cazacu and Grama, 2014) effectively utilized MATLAB to conduct optimization of steel truss and compared the results of optimization using the built-in optimization command and self-developed algorithm. The GA optimization method was used in addition to the FEA incorporated into the MATLAB for analysis of truss. (Cazacu and Grama, 2014) concluded that the result obtained from the built-in optimization command was better although it was indicated that the Lagrangian barrier method for handling constraints in MATLAB is less superior. 
[bookmark: _Toc51963434]2.10 	Review of Related Past Works
This section presents a critical review of previous studies pertinent to the optimization of cost, weight, and embodied energy of steel frame structures. The review is conducted to identify the gap in existing studies and thus form the basis for proposing this research work.
(Mela and Heinisuo, 2014) used PSO algorithm to perform the optimum design of high strength steel (HSS) beams, columns and trusses with two different objective functions which are optimum weight and cost. The study adopted a hybrid approach by creating steel sections with different steel grades for the webs and flanges. The results of the optimization achieved 17-24% cost savings in HSS columns, 10-21% cost saving in large truss, and the least savings from the HSS beams. The least savings from the beam was because of the imposition of displacement constraints in the optimization formulation for the HSS beams. (Mela and Heinisuo, 2014) highlighted that PSO algorithms employed in their study is very efficient in optimizing structural elements but require higher computational time for relatively large problems. Their study concluded that HSS which are steels with yield strength above 355 N/mm2 is a very good option for cost reduction particularly when the hybrid sections are applied. 
Similarly, an automated approach was employed by (Stathis Eleftheriadis et al., 2018) to perform cost and embodied energy optimization models that can support early decision making during structural steel design. (Stathis Eleftheriadis et al., 2018)  developed a parametric model in C++ using Monte Carlo methodology to perform design and optimization for the best floor grid arrangement. Optimum cost and embodied carbon of materials, design, fabrication, erection and fire protection are used as the objective functions. The results obtained from the automated optimization approach were compared against the results obtained from the manual optimization. The result of the optimization shows that there is a proportional relationship between cost and embodied energy. As expected, the speed of execution of the model is higher than that of the normal optimization method.
Furthermore, (Brutting, Senatore and Fivet, 2018) presented a novel optimization formulation to optimize the weight, embodied energy, GHG emissions of structural truss made of reused stock elements. The estimation of the EE and GHG accounted for the additional energy required for the systematic deconstruction of reused elements. (Brutting, Senatore and Fivet, 2018) used a sequential approach of a mixed-integer linear program and their results showed that the deconstruction energy of reused elements impacts significantly their EE and GHG emissions. The optimization of the reused elements results in 29% reduction in energy compared to the use of new steel materials.
(Brütting et al., 2020) extends the earlier study of (Brutting, Senatore and Fivet, 2018) by employing the optimization model to steel frames. (Brütting et al., 2020) only account for the GHG in the objective function formulation and considered the generation of multiple members from stock elements when optimally cut. The life cycle processes added were erection and demolition in which processes common to the two elements were neglected. The optimization method used is the mixed-integer linear programming (MILP) and the results obtained show that the reused elements have a lower element capacity utilization and GHG emissions that are 35% lesser than using new elements. This agrees with the earlier outcomes from (Brutting, Senatore and Fivet, 2018). Although, (Brütting et al., 2020) contends that the emissions from the reused steel elements may increase if the full LCA boundary of the system is considered in the optimization formulation. 
(Mao et al., 2013) studied the single objective function of material weight and lifecycle cost and multi-objective function of both to optimize structures prone to earthquake damage. The optimization formulation considered damage due to earthquake intensities using EC3 specifications to optimize a rigid ten-storey steel frame. Single objective optimization of initial weight revealed that the structure will be more prone to future earthquake damages. Therefore, the total life cycle cost of the structure will increase because of the additional cost that will be incurred on repair and renovation of the damage. Meanwhile, the result from multi-objective option gives balance between the two functions. Thus, multi-objective function optimization can lead to structures with lower life cycle costs and also with required earthquake resilience.
Furthermore, Barraza et al. (2012) compared the performance of GA and PSO in optimizing structural steel frames. Multi-objective optimization of the performance of structural steel frames subjected to earthquake was examined based on the AISC specifications. Both the GA and PSO methods give good structural performance for the frames, but PSO performed better. 
(Plevris et al., 2011) applied the specification from EC3 with design constraints for shear, bending, and deflection to performed optimization of the steel frame. (Plevris et al., 2011) submitted that the optimization results obtained from both GA and PSO methods are the same, but the PSO showed a faster rate of convergence. Even though, some of the PSO solutions were trapped in the local minima (Plevris et al., 2011). 
The outcome of the review presented in this study revealed that there are gaps for further areas of research to be explored. Firstly, limited researches were found on the optimization of steel frames according to Eurocodes with the majority of the reviewed studies being according to AISC-LFRD. The design method varies from different codes and therefore, the resulting optimization based on different codes will be varied. Therefore, this study will perform optimization of steel frame according to Euro code. This study will contribute to the benchmark problems for steel frame optimization according to the Euro code.
The review also observed that many studies performed single optimization of either cost or embodied energy of steel frames but there is limited evidence of multi-objective optimization for steel frames. Therefore, this study will perform both single optimization using (weight) and also the combination of both of them with the calculation of embodied carbon and cost. 
In terms of the best optimization techniques, the review noted that GA, PSO, and HSA are widely accepted because of their capability of handling non-linear programming problems. (Dogan, 2010) and (Messac, 2015) submitted that the use of GA, PSO and HAS will enhance the possibility and speed of achieving global optimum through a random selection of variables, which are usually near the optimum (Messac, 2015). Here, further study to investigate the best optimization approach between GA, PSO and HSA for performing single and multi-objective optimization problems is presented. In addition to the validation of earlier claims, this study will also remove the hassle of using complex programming methods, like MILP
Finally, MATLAB has arguably emerged as the most widely adopted tool for computational modeling and it is becoming another everyday use software like excel. The use of MATLAB for analysis as against using simpler software like excel, which is more familiar to designers, will prevent any possible alteration that can disrupt the entire program, which is quite easy in excel, which will, in turn, ensure faster operation. Therefore, the use of the built-in function in MATLAB with the integration of the analysis and design of the frame for this study is expected to reduce the computation time for the optimization and thus ensure the easy implementation of cost and embodied optimization in practical designs.
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