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This paper proposes an enhanced-search form of the newly designed artificial hummingbird algorithm (AHA), named oppositional chaotic artificial hummingbird algorithm. The proposed OCAHA methodology incorporates the oppositional learning (OBL) in the population-initialization and at the ending event of each iteration for a faster convergence, and the chaos-embedded sequences of Gauss/mouse map to replace the random sequences of the three population-updating iterative stages of AHA, viz. guided, territorial and migration foraging to employ more diverse population for more solutional accuracy. The effectiveness of the method has been evaluated in two phases. OCAHA, the four state of the art algorithms, namely, PSO, DE, GWO and WOA, their recently developed effective variants, namely, SLPSO, MTDE, SOGWO and EWOA, and the inspiring optimizer AHA have been implemented on the 29 unconstrained CEC 2017 benchmark functions in the first phase. In the second phase, OCAHA has been verified on 10 challenging engineering cases, and compared with the concerned leading performances. Comprehensive analysis of the simulated outcomes using various statistical metrics and of the convergence profiles demonstrates that, the optimization ability of OCAHA on CEC 2017 is superior to all the comparing algorithms except MTDE. For engineering cases, OCAHA provides better searching performance, solution precision, robustness and convergence rate than all competing designs, and, on average, it has lowered the computational cost by 57.5% and 22.63% in term of function evaluations and the fitness objective by 2.4% and 0.23% in comparison to AHA and the chaotic version CAHA, respectively.
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HIGHLIGHTS

• An oppositional-chaotic metaheuristic approach (OCAHA) applied on CEC 2017 test suite.
• Ten number challenging cases of engineering design optimization have been solved.
• OCAHA performance on CEC 2017 found satisfactory among its 9 competitors.
• Optimized engineering designs by OCAHA are better than previous studies.
1 INTRODUCTION
As the losses are inevitable during any energy transferring process of a real working system, it has always been an important concern for researchers to recover these associated losses to obtain more efficient system output, and in today’s world scenario of energy crisis, this is not limited to recovery and proper reutilization of these lost forms of energy, but extends to the optimum utilization of a number of different forms of non-conventional energy to meet the continuously increasing demand. Research and development always finds the new technological means to fulfill the existing needs at the affordable acceptance as well as to advance the existing modes of needs or requirements. The efficiency of any operational system is the integrated effect of all the individual functional unit efficiencies of the system and each component of each of these functional units or machines transfers the required motions individually or in integrated manner to develop and deliver the total output of the unit or machine. Among the several designing aspects to make an efficient, cost-effective and reliable working system to meet the high-speed and high-precision demands of modern times, design optimization of the geometry of some intricate-shaped machine components to ensure more smoothness and reliability in its functioning and of the various operational factors of some complex operational units to achieve the desired objectives has become a highly challenging area of research. In continuing the research work in this direction of research with more effective optimized designs, ten number of challenging cases of engineering design problems have been chosen in the present study for constrained design optimization.
Galileo’s (1,564–1,642) shape optimizing theory (Cajori, 1999) is the first literature in this context to formulate the structural inter-relation between the shape and the strength of a bent beam mathematically, and the theory identified the bent beam shape for its uniform strength. Subsequently, several great scientists came up with a variety of classical implementing methods in various working directions. Pareto’s (Kasprzak and Lewis, 2001) multi-objective optimization principle, Gerard’s analysis for weight minimizing of structures (compression) by linear programming (George, 1956), Schmit and Miura approximation for structural synthesis (Schmit et al., 1976), application of linear programming and branch and bound method (Wolsey, 1998) in production and transportation planning in industries, reliability-redundancy allocation problem (RRAP) problems solving by dynamic programming and implicit enumeration to optimize system reliability (Rajendra Prasad and Kuo, 2000), Lagrangian programming (relaxation and quadratic) techniques (Petcharaks and Ongsakul, 2007), and numerous other classical optimization methods had been formulated and effectively implemented in various optimization requirements. The major issues associated with these classical optimization methods are; these methods are mostly deterministic in nature, dependent on gradient-based information, and usually suffer from unbalanced exploratory-exploitative search motion and locally entrapment problem (Cheng and Prayogo, 2017; Gu et al., 2018).
In overcoming these issues of the traditional mathematics-based optimizers and to succeed with the continuously evolving technological challenges, optimizing experimentation in the recent past decades have been inclined to a new direction of optimization techniques, called metaheuristics. Operational simplicity, randomized initial solutions, easy parallel search processing, strong robustness ability in optimized results, etc., are the effective metaheuristic algorithmic qualities in optimizing a large variety of practical-world oriented problems. Using the randomly initialized set of population or solutions, all these metaheuristics proceed through their distinct algorithmic methodologies to reach the global or an approximation of the global solution for an optimization problem. Numerous metaheuristic techniques have been effectively implemented in solving the complicated cases of various working areas like, economy and trade (Rafi and Dhal, 2020), finance (El-Abbasy et al., 2020), process control (Wang Hongyang et al., 2021), management (Wang Xiuwang et al., 2021), image processing (Agrawal et al., 2022), industry processing (Om Prakash et al., 2022), structural and elementary machine designing (Awad, 2021), machine learning and neural network optimization (Aasim et al., 2022), and several other engineering and applied science requirements. Some recently approached metaheuristic techniques are feature selection (Taradeh et al., 2019), spam detection (Faris et al., 2019), parameter identification (Abbassi et al., 2019), image segmentation (Rodríguez-Esparza et al., 2020) and prediction (Qiao et al., 2020). Based on the different inspiring sources of natural phenomena, metaheuristic optimizing methods have been roughly categorized into four sections as follows: evolutionary algorithms (Jordán et al., 2022); swarm intelligent algorithms (Rajesh et al., 2021); algorithms inspired from the different events of science (physical and chemical) (Sun et al., 2021; Deng et al., 2021); and human behavioural activity-based optimizers (Yan et al., 2022).
The evolutionary-based optimization algorithms have been developed from the Darwin theory of evolution. These algorithms conceptualize some natural and biological evolutionary events of some distinct creatures, like selection, reproduction, combination, and mutation into the methodologies, where the global solutions are obtained through creating a new descendent inhering its parents properties for every next-generation involving the randomly selected current individuals as parents. Genetic algorithm (Holland, 1975) (Goldberg, 2006) is the pioneer and among the widely applied metaheuristic techniques in this category. Differential evolution method (DE) (Storn and Price, 1997), bio-geography-based optimization (BBO) (Simon, 2008) and several other effective processes come in this section. Migration and mutation are the two main operators of the BBO algorithm to perform search locally and globally respectively. This algorithm is simple and unique in its algorithmic design and possesses a faster pace towards convergence. Issues associated with the BBO algorithm are its poor search capability, local optima stagnation and mainly, the computational complexity (Zhang Xinming et al., 2020). In the swarm-structured metaheuristics, the different social activities within the swarms of various living creatures, and between the swarms members and their surroundings have been theorized to develop the optimizing methodologies. Self-organization, durability, information sharing ability among the multiple agents, easy parallel search processing, learning ability through the generation steps and design simplicity basically result in the efficient optimization search with this categorized algorithms. A large number of effective algorithms of this category have been formulated and utilized in a consistent mode, and still in the exploring phases of optimization research for new additions. Particle swarm optimization algorithm (PSO) is the benchmark and the most common technique of the group, proposed by Kennedy and Eberhart (Kennedy and Eberhart, 1995; Kennedy and Eberhart, 1997). PSO model was inspired by the foraging movements of birds swarms. This algorithm is characterized by its good convergence rate, but, for some high dimensional search spaces, it suffers from the issue of easy entrapment into the local optima, and to some extent, sensitive to its control parameters (Zhang et al., 2015). In the third category of metaheuristics, different invented theories of physics and chemistry have been conceptualised to develop the optimizing methodologies. Gravitational search algorithm (GSA) (Rashedi et al., 2009) is one of the widely used algorithms in this class, developed from the Newton’s Law of Gravitation. The algorithm big bang-big brunch (BBBC) (Osman and Eksin, 2006) from the universe evolution theory, chemical reaction algorithm (Khac Truong et al., 2013) from the observation on chemical reactions, and several other effective optimization techniques fall in this category. In human behavioural activity-based optimizers, various activities of our society and its immediate environment have been capitalized to develop the optimization methodologies. Harmony search (Lee and Geem) algorithm (HS) (Lee and Geem, 2005) is an algorithmic formulation of a musical procedure for determining the level of harmony. Teaching learning-based optimization algorithm (TLBO) (Venkata Rao et al., 2011) is an another effective optimization methods of the same kind, based on the two phases of a teacher-students classroom interactions. In the teacher’s phase, the students or the learners learn directly from their teachers, and during the students’ or learners’ phase, they exchange their knowledge and get benefited further. The above discussed algorithms are to introduce the each category of metaheuristics. Besides, an ample number of optimization techniques of each of the four categories have been effectively employed in solving the problems of a large variety of optimization areas.
The designing object of an efficient optimizing framework is to obtain the optimal optimization at an acceptable computing cost while ensuring simplicity in its implementation. But, in reality, most of these metaheuristic optimization techniques suffer from the issues of local optima entrapment, low and imbalanced convergence mobility, low quality solution precision, long and uncertain computational run and high computational complexity, especially for the high dimensional search spaces. As a transitional evolution of this research (optimization), a new practice of hybridizing two or more number of different optimization algorithm features had been developed to enhance the solving ability, and this technique is still in effective application in several challenging cases of optimization. A GWO variant, EEGWO (Wen et al., 2018) with exploratory enhancing mechanism to solve the high-dimensional search spaces of global optimization problems, a modified self-organizing hierarchical PSO variant, HPSO-TVAC (Ghasemi et al., 2019), a combined form of PSO and DE (Okulewicz and Mańdziuk, 2019) in solving the dynamic vehicle routing problem with continuous space are to mention some examples of recent hybridization approach of metaheuristics.
Application of chaos in the optimization methodologies is an another useful technique to enhance the search quality of an optimization process. Utilizing the randomness and sensitivity properties of chaos to the initial condition of an optimization process, a highly diverse population can be generated at the output and thereby reducing the locally entrapment issue and excite the search mobility of the process towards global convergence. Chaotic sine cosine operator in CSCWOA to improve the global search and to mobilize the local searching processes of original WOA (Liu and Li, 2018), chaotic dolphin swarm algorithm (CDSA) in optimizing high-dimensional spaces (Qiao and Yang, 2019), implementation of Gaussian mutation operator (GM) for population diversification at first and then utilizing chaos-enhanced localized search (CLS) combined with GM in the flame updating process for population diversification in the second stage to improve the local exploitation in CLSGMFO (Xu et al., 2019), and introducing chaos in the switching possibility between local (abiotic pollination) and global (biotic pollination) searches and applying incremental search strategy to intensify the motion in some modifications of FPA, [image: image] flower pollination algorithm (Burcin Ozsoydan and Baykasoglu, 2021) are to mention some of the effective works in the recent past on chaotic optimization. Stochasticity, ergodicity and the non-periodic complex characteristics have found a vast applicability of the different chaotic maps for a huge variety of optimization requirements.
The opposition-based learning rule (OBL) is an another widely employed search-enhancing technique to develop a greater variety in the population to achieve more effectiveness and thoroughness in the search process for a faster convergence for an optimization process. Tizhoosh (Hamid, 2005) introduced the OBL rule in the field of machine intelligence. The concept of involving a randomized population and its opposite population instead of two randomized (independent) population sets basically ensures more convenience in the search process to converge into the desired optimum solution in an unknown space (Rahnamayan et al., 2008) of optimization. Generally, during the earlier stages, when the current population (randomized) may probably at far away from the desired optimum solution, applying the OBL (opposite population) rule can move the search closer to the target and can save the search effort, and when the current population (randomized) already reaches in the close vicinity of the target in the later iterations, this rule may generate unnecessary exploratory search in the optimization. However, optimum utilization of this rule to accelerate the convergence mobility of an optimizing process is a matter of extensive research (Hamid, 2005). In an opposition-based optimization process, during initialization, both randomly initialized set and the opposite set of population or solutions are simultaneously processed to sort out the better population as the current set of solutions. These current population or solutions are updated in the 1st iteration stages of an optimization algorithmic process, and after obtaining the updated set, an opposite (set) of the updated set is determined and then both (sets) are combined, and then again the better population or better solutions are sorted out from this combined set as the current population or the current solutions for the next (2nd iteration) update, and continues to update in the same way up to the stopping criteria of maximum iterations. Application of OBL on the chosen weakest [image: image] wolves using Spearman’s correlation coefficient to prevent excessive exploration and to enhance the rate of convergence of grey wolf optimizer (GWO) (Dhargupta et al., 2020), utilizing OBL rule together with a novel updating approach and other search enhancers in mobilizing the convergence and in improving the solutional precision of original equilibrium optimizer (Fan et al., 2021), using multi-leader wandering around search strategy (MLWAS) to enhance the global exploratory search, random high-speed jumping strategy (RHSJ) to better the local exploitation, and an adaptive lens opposition-based learning strategy to escape from local entrapment in an improved arithmetic optimization algorithm variant, called LMRAOA (Zhang et al., 2022) in solving numerical as well as engineering problems, etc., are some recently reported works utilized the OBL rule.
Design optimization of the machine components of different engineering systems has become a highly competitive area of optimization research. Minimizing the system mass or volume, maximizing the system work output and efficiency, minimizing the different cost aspects, minimizing the energy or power loss and many more developing areas of engineering design optimization are in practice. We highlight a few of the most current engineering design optimization works. Zhang Yiying et al. (2020). merged the TLBO feature of fast convergence with the global optimization strategy of neural network algorithm to developed TLBO-NNA, a hybrid method, and obtained effective solutions for four benchmark engineering components, viz., WBD, tension/compression spring, PV and the SR problem. Venkata Rao and Pawar (2020). implemented three number Rao algorithms for constrained optimization of ten number mechanical engineering system components and obtained better designs for all the cases. Jena et al. (2022). utilized material generation (MGA) and sunflower optimization (SOA) algorithms and the Taguchi technique to optimize a multi-objective problem for maximizing output power and system efficiency for a speed reducer (industrial) by controlling its three system variables, viz, the electric motor speed, lubricant viscosity and the current intensity. In (Pavanu Sai and Rao, 2022), the powerful exploratory characteristic of NSGA II together with the strong exploitative ability of PSO has been utilized for a shell-tube heat exchanger (STHE) cost minimization. An automatic optimization method (Guan et al., 2022) integrating fluid-structure interaction (FSI), the NSGA-II algorithm, and design of experiment (DoE) to upgrade the design quality and the efficiency of a propeller, and obtained better results. A recently reported bio-inspired optimization algorithm, starling murmuration optimizer (SMO) (Zamani et al., 2022) proposing a dynamic construction (multi-flock) and three new searching approaches, viz, separating, diving, and whirling search has been implemented on various benchmark test functions and some classical optimization cases of mechanical engineering system like, design of tension/compression spring, PVD, design of three-bar truss, WBD, gas transmission compressor design (GTCD), HTBD, design optimization of industrial refrigeration system and MDCBD problem, and the optimized designs have established the algorithm performance superiority. In reviewing the application of machine learning (ML) to additive manufacturing, a recently reported work (Vashishtha et al., 2024) has emphasized how ML may help with issues including design, material selection, and process flaws. Design optimization, process monitoring, and product quality are all enhanced by machine learning (ML), which also highlights the significance of data protection and a cooperative approach with human operators for successful deployment. In a recent study (Chauhan et al., 2024), a denoising filter that uses mountain gazelle optimization (MGO) to improve machinery signals’ slight non-stationarities was introduced. Through the improvement of kurtosis, signal-to-noise ratio (SNR), and impulsiveness extraction, the filter successfully lowers interference from the environment and other items of machinery. Acoustic and vibration indications from a malfunctioning belt conveyor system have been used to verify its functionality. A denoising filter that optimizes spectral kurtosis using the flow direction algorithm (FDA) has been developed by another study (Vashishtha et al., 2025) in the same direction. This filter boosts modest non-stationarities. To efficiently recover impulsive components from signals with complicated time-frequency structures, the filter has been designed using the optimal spectral kurtosis, free from thresholding circumstances.
No Free Lunch theorem (Wolpert and Macready, 1997) says that, a single optimization algorithm cannot solve all the optimization problems. In other words, if a particular optimizer is capable to solve a particular optimization problem successfully, there is a high probability of unsatisfactory performance by this algorithm in dealing with other problems. The theory consistently inspires the researchers to invent new methodologies as continuous algorithmic reforms and development in this domain of research. Besides, achieving more balanced exploratory-exploitative search motion, reducing the control parameters usage, and the other existing issues experienced with the performance of all the metaheuristic techniques are the probable reasons to explore this field in a continuous mode. Artificial hummingbird algorithm (Zhao et al., 2022; Sultan Yildiz et al., 2022; Wang et al., 2022) is a newly established swarm intelligent optimizer. The three flower-nectar eating activities of natural hummingbirds via a superior quality memory updating practice by themselves, named, visit table, and with the sufficient utilization of their three distinct flying skills have been conceptualized in the three population-updating policies of AHA methodology. The concept of utilizing these three hummingbird flying patterns in their three foraging events via visit table ensures an effective exploration-exploitation in the search characteristic of the AHA optimization process. In the proposed OCAHA methodology, the OBL rule with elitism has been implemented in the initialization stage, after that, the random sequences have been replaced by the chaotically generated sequences by the one-dimensional chaotic map, Gauss/mouse during the population-updating stages of every iteration, and then, at the ending of each iteration, again the OBL rule has been implemented to achieve more optimization accuracy at a faster convergence. This study evaluates OCAHA in two phases of simulation. In the first phase, OCAHA and its chosen competitors have been implemented on 50 and 100 dimensional sets of the CEC 2017 unconstrained functions, and in the second phase, ten challenging engineering cases have been solved using the proposed technique.
The work’s foremost contributions are:
a. An oppositional-chaotic based metaheuristic optimization approach is made by incorporating the OBL rule and the chaotic sequence of the Gauss/mouse map into the AHA algorithmic structure to apply on the unconstrained benchmark functions of CEC 2017 test suite and ten number of challenging cases of engineering design optimization.
b. More solutional accuracy and a faster rate of convergence on the majority of the test cases have been identified as the effects of the incorporated chaos-influenced sequence and the oppositional rule respectively.
c. A thorough analysis of the simulated outcomes on CEC 2017 has been conducted using various statistical measures, tests and convergence profiles to assess OCAHA’s overall performance in comparison to the 9 competing algorithms including AHA. Overall, OCAHA has been found to be superior to all the comparing methods except MTDE.
d. The OCAHA optimized results on engineering cases have been statistically assessed with those of the considered competing algorithms to validate the performance superiority of the proposed algorithm. OCAHA, on average, achieved 57.5% and 22.63% improvement in the computational cost [image: image] and 2.4% and 0.23% in the fitness objective (BestΨ(x→)min) in comparison to CAHA and AHA, respectively.
The rest of the study is arranged as follows: Section 2 reviews the AHA methodology, the OBL rule and the chaotic maps, and proposes the oppositional chaotic artificial hummingbird algorithm (OCAHA), section 3 describes the CEC 2017 unconstrained benchmark functions and the engineering problems, section 4 contains simulation results analysis for both CEC 2017 functions and engineering cases, and finally, section 5 concludes the study.
2 ALGORITHMIC METHODOLOGIES
2.1 Artificial hummingbird algorithm (AHA)
This algorithm (Zhao et al., 2022; Sultan Yildiz et al., 2022; Wang et al., 2022) is a newly proposed swarm-based optimizing method, that develops the different foraging (flower nectar) intelligence of hummingbirds from the different sources of flowers as their target foraging sources. The individual flowers ([image: image] the individual qualities and contents of flower nectar) of a source, rate of feeding, and the time since the last foraging a source are the basic foraging requirements, that a hummingbird follows to identify its target source from a set of different sources. In AHA, each source is assumed to have same number and same kind of flowers for simplifying the method. A food source has been considered as an individual population or a solution vector, and the feeding rate from the source represents the corresponding objective fitness value. When there is a population of hummingbirds and a number (set) of food sources, each bird can recall its most recent foraging visit to each source. After foraging at their target source, each one of them informs the other members of the population of their last foraging visit, [image: image] the position and the rate of feeding of the target source. Visit table represents a unique memory-updating exercise by natural hummingbirds during their food foraging movements. Visit table provides the updated or current position value, [image: image] the current visit level value to each food source of a set for each hummingbird of a population, that directs the hummingbirds to select and move towards their target food source among the available sources of the set. The visit level value of a food source for a hummingbird indicates the length of time from the last eating (visiting) at the source by the bird. Therefore, if a source shows the longest unvisited time or the highest visit level value for a particular hummingbird in a population, it actually represents the best foraging source, i.e., the target source for the hummingbird to forage. If the visit table indicates a number of food sources with same highest visit level for a particular hummingbird, then the hummingbird targets the source that has the best rate of feeding. When a hummingbird visits its target food source, its visit level value becomes zero, and simultaneously the visit levels of all the other sources get updated with an increment of one for this particular hummingbird. In the visit table, visit level values of the relevant food sources must be updated following each updating event during each generation or iteration of the algorithm process. In this way, the target source selection and then performing the three intelligent food foraging events by sufficiently utilizing the three unique flying skills of natural hummingbirds have been mathematically structured in the AHA methodology to induce an effective search behaviour throughout a problem space of optimization. This section reviews the AHA algorithm framework by randomized initialization of population and the equational descriptions of the three hummingbirds’ flower-nectar foraging strategies, namely, guided, territorial and the migrating strategy as the updating events during each iteration, the opposition-based learning rule OBL, the chaos property, and then provides the steps to implement OCAHA.
2.1.1 Initialization
For a set of [image: image] food sources and a population of [image: image] hummingbirds, initialized population is;
[image: image]
where, [image: image] is the random number, [image: image], [image: image] is the upper and [image: image] is the lower limits for a [image: image]-dimensional optimization space, and [image: image] is the expression for the [image: image] source’s initialized (randomized) position.
The initialized visit table positions are;
[image: image]
where, [image: image] means the same position of [image: image] source and [image: image] hummingbird, [image: image] the [image: image] hummingbird is currently visiting at the [image: image] source for nectar eating, and [image: image] or [image: image] is the [image: image] food source position, which has just been searched by the [image: image] member (bird) in the ongoing [image: image] current generation, and following this food foraging occurrence, the other sources’ positions (visit levels) for this [image: image] hummingbird get updated with an increment of 1.
2.1.2 Guided foraging
In this strategy, a hummingbird identifies its target that has the maximum or top positional value in the visit table, and if there exist a number of food sources with same highest positional value, the hummingbird targets the source with the best rate of feeding, [image: image] with the lowest rate (for objective minimization) or with the highest rate (for objective maximization) from these sources. After finalizing the target source, the hummingbirds utilize their three natural flying movements, [image: image] axial, diagonal and omnidirectional fly sufficiently to reach the target for the necessary feeding. A direction switch vector [image: image] has been included here to regulate these three flying movements to ensure the optimum movement during each of the three food foraging events.
For a [image: image]-spaced (dimension) optimization, the direction vector [image: image] for the axial flying motion is;
[image: image]
Direction switch vector for the diagonal flight skill is;
[image: image]
Direction vector for the omnidirectional flight is;
[image: image]
where, [image: image] stands for generating a random integer from 1 to [image: image], [image: image] is to create a randomized permutation of integers from 1 to [image: image], and [image: image] is the random number producer in [image: image].
When a hummingbird resides at its target position, the other food sources are updated with their new visit level values, which results in developing a candidate food source in the process.
A candidate position (source) during the guided search foraging is developed as;
[image: image]
[image: image]
here, [image: image] is the [image: image] source’s position at time [image: image], [image: image] the current position, [image: image] represents the [image: image] hummingbird’s target (source) position (at [image: image]), where the [image: image] hummingbird is intending to visit, and the guided factor denoted by [image: image] is defined by the normal distribution [image: image], where the mean and standard deviation are, respectively, 0 and 1.
The position of the [image: image] source is updated as;
[image: image]
where, [image: image] represents the corresponding fitness function values. Equation 8 implies that, if a candidate flower-nectar foraging source provides better food rate, [image: image] if [image: image] (solution) is less (for objective minimization and vice versa) than that of the current food source, [image: image]. [image: image], a hummingbird will move from its current position towards the said obtained candidate food source for better foraging. Otherwise, after proceeding through the guided foraging strategy, a hummingbird will not move from its current food source position. On visiting the candidate source, its position value (visit level) for the visiting hummingbird will be 0, and the position values (visit levels) of this source for the other hummingbirds will be changed by their respective maximum levels (positional values) for the other sources of the set with an increment of 1. At the same time, the position value of the other sources will be incremented by 1 for this visiting hummingbird during the current generation.
2.1.3 Territorial foraging
After the target visit during the guided strategy, a hummingbird usually looks for a better source (candidate source) in the local neighbouring region rather than visiting the remaining sources of the current foraging region.
A candidate food foraging source during the localized search movements of territorial foraging strategy is given as;
[image: image]
[image: image]
where, [image: image] stands as a territorial factor, subjected to the normal distribution [image: image] with mean and standard deviation of 0 and 1 respectively.
2.1.4 Migration foraging
When the repeatedly visited current sources become lack of the necessary food, hummingbirds migrate to a far distant region for foraging. The occurrences of this food foraging event have been defined by introducing a migration coefficient, [image: image]. If the iteration number attains the predefined value of this migrating coefficient, a hummingbird leaves the current source’s position with worst food rate (worst source) and migrate to a far distant better source (solution), produced through randomly searching of the entire space. After proceeding through the migration foraging event, the corresponding update in the visit table is to be done during each migrating iteration of the process.
Migrating strategy update is given as;
[image: image]
where, [image: image] stands as the worst source [image: image] the worst solution in the population.
During the earlier iterations of guided foraging, the hummingbirds tend to explore the whole space to find their target sources, which ensures a higher exploration and avoidance of local convergence of the process, and when a hummingbird resides at its target position in later iterations, the other members of the team will tend to shift from their respective current sources towards this newly found source as a better food foraging option, which ensures a higher exploitation of the process. During the territorial foraging event, exploiting search is emphasized by the hummingbirds in their local neighbouring region. Due to the scarcity of the required flower nectar or food at the frequently visited sources of the current region, a hummingbird migrates to a far distant source for better foraging, and thereby hummingbirds perform exploratory search through the entire space, which improves the stagnation issue of the process.
The most critical (worst) situation arises in the guided and the territorial strategies, when no replacement is found for all the present sources, and a hummingbird visits each source in turn as its target feeding position (source) as per the updating mechanism of the visit table in each generation or iteration. AHA methodology assumes a 50[image: image] (Zhao et al., 2022) occurrence probability between either of the two strategies (guided or territorial) in each iteration, and the same probability of searching every other position (source) during the guided search movement. Therefore, in the most extreme or worst situation, there is a possibility of targeting the same source by a hummingbird after every 2[image: image] iterations or generations. Hence, the migration coefficient [image: image] for a given population size [image: image] is given by;
[image: image]
The AHA computational complexity is based on the population size [image: image], the dimension, [image: image] the optimizing variables [image: image], the initialization process [image: image], the maximum generations or iterations [image: image], the guided foraging update [image: image], the territorial foraging update [image: image], the migration foraging update [image: image] and the fitness function evaluations [image: image].
2.1.5 AHA pseudocode
AHA process starts with a randomly initialized population set and correspondingly initialized visit table information with a 50[image: image] (Zhao et al., 2022) occurrence probability between either of the two strategies (guided or territorial) in each generation or iteration. During the guided search, a hummingbird identifies its target according to the indicated visit levels and the food rates of the sources in the visit table. Territorial foraging of a hummingbird usually involves searching the nearby neighbouring region for a better source. The hummingbirds perform migrating search after every 2[image: image] number of generations. The concerned equations of direction vector [image: image], ensure the optimum usage of the three unique hummingbirds flying skills, [image: image] axial, diagonal and the omnidirectional flying skills in these three AHA population-updating policies. The process is carried out up to the maximum generations to reach the closest to the global convergence.
2.2 Opposition-based learning rule (OBL)
Randomized population-initialization is typically the first step in an optimization process, producing a set of random solutions, and after that, by updating them (solutions) through its distinct algorithmical population-updating events in each iteration through a predefined maximum generations or iterations, it tries to reach the desired solution for an optimization problem. It is quite normal for an initial solution to be far from the desired convergence (solution) in a vast complex optimizing-search space without knowing the original or optimal optimization point of the space. This can lead to high computational cost, and in the most critical scenario, they (the initialized population) might be too far to converge into the solution. Tizhoosh (Hamid, 2005) introduced a new machine intelligence solving policy, called opposition-based learning rule (OBL). In an oppositional optimizing-search process, both current and its opposite population are processed simultaneously during initialization and iterative updating events of each iteration. This enables the process to search from both population directions to reach the optimum solution at a faster convergence (Rahnamayan et al., 2008). However, the effect of the OBL rule on the search performances of an opposition-based optimization algorithm, like search thoroughness and convergence mobility may vary from case to case, and still the OBL effectiveness is an extensive research matter to determine the specific problem types and circumstances to apply the rule (Hamid, 2005).
2.2.1 Opposite population
An Oppositional (OBL) optimization process (Hamid, 2005) involves both the populations (current and its opposite) simultaneously to reach the optimum solution at a faster rate.
If p be a real number in the interval [image: image] represents a current population or solution in a one-dimensional problem’s space, its opposite population, [image: image] the opposite number, [image: image] can be defined by;
[image: image]
Similarly, for a [image: image]dimensional problem’s search space, if [image: image] = [image: image] be a current population or current solution with [image: image] and its all elements, [image: image], then each element (variable) of its opposite population or opposite solution, [image: image] can be described as;
[image: image]
Algorithm 1. Presents the AHA pseudocode.
[image: FX 1]
2.3 Chaos property
Chaos theory studies the nonlinear system dynamics. In chaos-excited systems, a small variation in the initial conditions can generate a highly diverse effect on the system output. Ergodicity, regularity and inherent stochasticity are the chaos properties (Wu and Chen, 1996) which excite a chaotic system to search the entire space in a chaotic way with a high probability of global convergence. Generally, in the population-initialization stage, an optimization algorithm involves the random number sequence generators to initialize the search space. A chaotic optimization process utilizes the non-periodic chaotic sequences in place of the randomly generated sequences (Hossein Gandomi et al., 2013) for a deeper and faster exploitation and a thorough exploration of the space, hence minimizing the local convergence problem.
2.3.1 Chaotic maps
The nonlinear dynamics of chaos energizes the searching behaviour of an optimization algorithm with a more thorough and faster search characteristic, and this is why the various chaotic maps have been effectively applied in solving different real world optimization problems. The performance of these chaotic maps, when integrated with a certain algorithm framework, differs from one another, and each map has a unique initialization functioning range. Choosing the starting point inside the limiting range is a crucial factor for a chaotic map’s performance because it has a significant impact on the final outcome. Table 1 contains a listing of various chaotic maps (Wang et al., 2001; Ahmad Rather and Shanthi Bala, 2020), and for all these maps, we choose a starting point value of 0.7 within the limiting range for initialization from 0 to 1. On the basis of the most robust optimization in a statistical result analysis (Table 1) of 30 individual runs of a performance test of AHA algorithm and each of its 10 chaotic variants, [image: image] each combination of AHA framework and each of the listed chaotic maps for the considered PVD optimization problem, the Gauss/mouse (Peitgen et al., 1992; Jothiprakash and Arunkumar, 2013) map has been considered for all the required simulation studies of the present work.
TABLE 1 | Chaotic maps.
[image: Table 1]2.4 Oppositional chaotic artificial hummingbird algorithm (OCAHA)
During initialization of the proposed method, an opposite population set is generated using the OBL rule Equation 14, and then it is combined with the randomly initialized set to create a single set of solutions or population. Afterward, the element population of this combined set are sorted in ascending (minimizing objective) or in descending (maximizing objective) orders, and then the first (best) 50[image: image] solutions are selected as the current population to process (update) in the 1st iteration’s events, [image: image] either through guided ([image: image]) or through territorial [image: image] strategies and then through migration strategy (at every [image: image] generations or iterations as defined in Equation 12). Here, the chaotic sequence [image: image] is generated using the Gauss/mouse map (Table 1) in [image: image] for replacing the randomly generated sequences of the direction-controlling vectors of Equations 3–5 as defined in the Equation 15 to control the three hummingbird flying skills in a more effective manner to ensure a thorough search of the entire space. These chaotically updated direction switch vectors update the search processes of guided Equation 6 and territorial Equation 9 foraging chaotically. The occurrence of these two events is controlled by the specified [image: image] values of Equation 16 to achieve a more balanced search towards global convergence. After updating through either guided or territorial and the migrating (at every [image: image] generations or iterations as defined in Equation 12) events during each iteration, again the opposition-based learning rule is implemented on the basis of a considered jumping probability ([image: image]) to bring the current solutions or the current population in close vicinity of the desired solution. If the [image: image] is greater than the [image: image], the opposite variable of the corresponding current design variable is determined by Equation 14, otherwise, a current variable and its opposite variable will be same. In this way, each current variable is to be processed to generate the opposite population set, and then both the sets are combined. Afterward, this combined set are sorted according to the objective of optimization problem to select the best (first 50[image: image]) solutions of the set as the current population for processing (updating) in the 2nd iteration, and the same updating continues up to the maximum generations to reach the closest to the global solution.
[image: image]
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Figure 1 presents the algorithmic flowchart of OCAHA.
[image: Figure 1]FIGURE 1 | Flowchart of the OCAHA algorithm.
2.5 OCAHA implementation
The section describes the algorithmic steps for implementing the OCAHA method to optimize all the cases of the study.
Population-initialization:
[image: image] Set population size [image: image], stopping criterion (maximum generations) [image: image], optimizing variables and their limits (f, x→, low, up), optimization objective [image: image](x→)) function, and the required constant and constraint criteria for the implementing test case,
[image: image] Generate the randomly-initialized population set by Equation 1 and its opposite set by Equation 14; combine them as a single set; limit the problem variables to their functional range; measure the fitness values using the concerned objective [image: image]; ensure the constraints fulfilling criteria for all the population and make them feasible; sort the population in ascending order (for objective minimization and vice versa); select the first (best) 50% population; preserve some elite population or elite solutions; find the best (current best) population; and then ready to update these non-elite population (current population) in the [image: image] iteration of the optimization process,
[image: image] Initialize the visit table by Equation 2,
• [image: image] iteration, (either through guided (when [image: image]) or through territorial (when [image: image]) foraging strategy).
◦ Obtain the chaotic [image: image] (sequence) values from the Gauss/mouse map (Table 1),
◦ Evaluate the chaotic direction switch vectors ([image: image] of Equation 15) using Equations 3–5,
• Guided foraging strategy [image: image]:
◦ Update the current population through this event (Equations 6–8) using the chaotic direction vectors ([image: image] of Equation 15), check the feasibility of the updated population, and then arrange them as the current population set to update in the next event,
◦ Find the current best population, [image: image] the best of current population set, and then update the visit table’s positions (levels) according to the Algorithm 1 pseudocode,
• End (guided foraging strategy)
• Territorial foraging strategy [image: image]:
◦ Update the current population through this event (Equations 8–10) using the chaotic direction vectors ([image: image] of Equation 15), check the feasibility of the updated population, and then arrange them as the current population set to update in the next event,
◦ Find the current best population, and then update the visit table according to the pseudocode (Algorithm 1),
End (territorial foraging strategy)
• Migration foraging strategy:
◦ Update the current population through the migration foraging event (Equation 11) at every 2[image: image] generations or iterations ([image: image] of Equation 12), check the feasibility of the updated population, and then arrange them as the current population set to update in the next event,
◦ Find the current best population, and then update the visit table according to the pseudocode (Algorithm 1),
• End (migration foraging strategy)
• Opposition-based learning rule, OBL:
◦ Based on the considered jumping ([image: image]) probability, get the opposite set of the current population set using Equation 14 (if the [image: image], [image: image] the randomly generated number is greater than 0.3, the corresponding opposite variable is generated by Equation 14, otherwise, a current variable and its opposite variable will be of same value),
◦ Combine both the sets into a single population set, and then check the constraints fulfilling criteria for all these population and make them feasible,
◦ sort the population in ascending order (for objective minimization and vice versa), and then select the first (best) 50% solutions to use as current population for [image: image] iteration,
◦ Find the current best solution,
• Next iterations[image: image],
• Visualize and get the global solution.
3 DESCRIPTIONS AND FORMULATIONS OF OPTIMIZATION PROBLEMS
The section describes the 29 functions of CEC 2017 unconstrained test suite (Awad et al., 2017), and thorough mathematical representations of the ten engineering problems.
3.1 CEC 2017 unconstrained functions
The CEC 2017 test functions (Awad et al., 2017) have been solved to check the local exploitation, avoidance of local optimality, global exploration, solutional accuracy and the other performance measures of OCAHA. These functions are the standard single-objective minimization problems for real-parameter numerical optimization. Table 2 lists the information for these 29 unconstrained standard functions, and their detailed clarification are available in (Awad et al., 2017). Unimodal (F 1-F 3) functions assess the convergence accuracy of a process, the global optimizing potential of a method is tested by simple multimodal (F 4-F 10) and hybrid (F 11-F 20) functions, and the composition (F 21-F 30) functions evaluate the avoidance of the local optima entrapment issue of an optimization algorithm. The Hybrid and the composition functions are more complicated than the unimodal and the simple multimodal functions, and are appropriate for evaluating the optimizing ability of an algorithm in the real-world cases. 
TABLE 2 | CEC 2017 unconstrained functions (Awad et al., 2017).
[image: Table 2]3.2 Engineering design problems
The detailed descriptions of the ten number considered problems of mechanical engineering design optimization have been presented in this section.
3.2.1 Welded beam design (WBD)
A beam of rectangular cross-section of width [image: image] and thickness [image: image] is to be welded to a rigid frame on either along its four joining sides (defined by [image: image]) or on its two longitudinal parallel joining sides (defined by [image: image]) to support a constant perpendicular load [image: image] at its free end of length [image: image]. The beam materials (defined by [image: image]) and the types of weld (defined by [image: image]) have been given in Table 3. The weld thickness is [image: image] and the length of the weld along its longitudinal parallel joining sides is [image: image]. The overall fabricating cost of this welded cantilever is to be minimized as the single objective (Kennedy and Eberhart, 1997; Datta and Figueira, 2011) of the problem.
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TABLE 3 | Welding types, material properties and cost term values of WBD problem.
[image: Table 3]3.2.2 Belt-pulley drive design (BPDD)
The objective of the belt-pulley drive problem (Venkata Rao and Pawar, 2020; Thamaraikannan and Thirunavukkarasu, 2014) is to minimize the pulleys’ total weight in a flat belt-pulley drive system (Figure 2 for BPDD). From the driver pulley of diameter [image: image], the required power of 10 [image: image] is to be transmitted to the common shaft mounting the [image: image] and the [image: image] pulley of diameters [image: image] and [image: image] respectively, and then through this [image: image] pulley to the output shaft mounting the driven pulley [image: image]. The driver pulley diameter [image: image], driven pulley diameter [image: image] and the width of the pulleys [image: image] are the three continuous designing variables along with a tensile stress constraint for flat belt and a dimensional constraint on the pulleys’ width have been considered to minimize the pulleys’ total weight to avoid any shaft and bearing failures.
[image: image]
[image: image]
[image: image]
[image: image]
[image: image]
[image: Figure 2]FIGURE 2 | Schematic diagram for BPDD, HTBD, PFHED, STHED and MDCBD problems.
3.2.3 Helical compression spring design (HCSD)
This problem (Datta and Figueira, 2011; Sandgren, 1990) deals with the minimization of the wire volume, [image: image] the weight of a coil spring (helical compression) of its winding coil’s outside diameter [image: image], wire diameter [image: image] and the spring coils number [image: image]. The spring must sustain a steady axial compressive load [image: image] without failing.
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3.2.4 Hydrostatic thrust bearing design (HTBD)
The HTBD (Venkata Rao and Pawar, 2020; Zhao et al., 2022; Siddall, 1982; He et al., 2004; Deb, 1997) case deals with the power loss minimization during the operation of a hydrostatic thrust bearing (Figure 2 for HTBD) requiring a load bearing capacity of [image: image], [image: image] the bearing has to support an axial thrust load [image: image]. Bearing step radius [image: image], its recess radius [image: image], rate of fluid (oil) flow [image: image] and the fluid viscosity [image: image] are the four designing variables along with seven (constraints) nonlinear inequalities have to be considered for optimizing this problem.
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3.2.5 Pressure vessel design (PVD)
The two-halves of the cylindrical shell of the pressure vessel under consideration in this problem (Sandgren, 1990; Sandgren, 1988) are joined by two longitudinal-butt (single-welded) joints with the necessary backing (supporting) strips. The vessel’s cylindrical shell has two hemispherical shaped heads that are forged and then similarly welded at both ends. ASME SA 203 grade B carbon steel is the material used to make the vessel. The purpose of this vessel is to use as a compressed air reservoir with [image: image] working pressure and [image: image] minimum while its axis is to be vertically oriented. The pressure vessel is to be designed as per the ASME boiler and pressure vessel code. Under specified design conditions, the vessel’s total manufacturing cost including welding cost, cost of forming and the material cost is to be minimized as the single objective of this design optimization problem. Cylindrical shell thickness [image: image], thickness of hemispherical heads [image: image], cylindrical shell inner radius [image: image] and the cylindrical shell length [image: image] are the considered variables to minimize the objective.
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3.2.6 Plate fin heat exchanger design (PFHED)
This problem (Venkata Rao and Pawar, 2020; Zarea et al., 2014; Mariani et al., 2019; Ramesh and Sekulic, 2003) requires minimization of the number of entropy generation units, [image: image] of a typical cross-flow (gas-to-air and single-pass) heat exchanger model (Ramesh and Sekulic, 2003) with offset strip fins of rectangular cross section and with a required heat duty of 1069.8 [image: image]. The fluids outlet temperature are not specified for the considered model of heat exchanger and hence, the [image: image] method has been considered to develop its modelling process. Seven designing variables are to be optimized while satisfying the twenty two design inequality constraints to minimize the objective of this constrained engineering design problem. Figure 2 for PFHED presents a typical PFHE arrangement with its element geometries.
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3.2.7 Speed reducer design (SRD)
This problem (Jan, 1970; Golinski, 1973) deals with the weight ([image: image] the volume) minimization of a speed reducer. Face width [image: image], teeth module [image: image], number of the pinion teeth [image: image], pinion shaft’s length between bearings [image: image], gear shaft’s length between bearings [image: image], pinion shaft’s diameter [image: image] and the gear shaft diameter [image: image] are the seven designing variables are to be optimized while satisfying the eleven inequality constraint conditions for the required volume optimization of the problem.
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3.2.8 Shell and tube heat exchanger design (STHED)
The STHED case (Venkata Rao and Pawar, 2020; Mariani et al., 2019; Kern and Kern, 1950; Caputo et al., 2008; Amin and Ali, 2013) deals with the minimization of the total annual cost [image: image] of a STHE (Kern and Kern, 1950) with one shell passage for distilled water and two tube passages for raw water, is to transfer the required heat duty of 0.46[image: image]. Figure 2 for STHED presents a typical design of this system with the triangular tube pitch setting. Three continuous variables, [image: image]., the tubes’ outside diameter [image: image], the shell’s internal diameter [image: image] and the baffles spacing [image: image] have to be optimized while fulfilling the eight design constraints for this cost minimization problem.
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3.2.9 Gear train design (GTD)
This problem (Sandgren, 1990) deals with the minimization of the square of difference between the desired gear ratio [image: image] of a gear train and its current gear ratio [image: image]. [image: image], [image: image], [image: image] and [image: image] are the numbers of gear teeth of the shafts [image: image] and [image: image] of the gear train respectively, and have been considered as the four optimizing variables for this unconstrained problem.
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3.2.10 Multiple disc clutch brake design (MDCBD)
The MDCBD problem requires minimization of the mass of a multiple disc clutch brake (Deb and Srinivasan, 2006) system (Figure 2 for MDCBD). Inner radius of contacting surfaces of friction or friction discs [image: image], outer radius of contacting surfaces of friction or friction discs [image: image], friction discs’ thickness [image: image], actuating force [image: image] and the number of contacting surface (friction) pairs [image: image] are the five optimizing parameters along with eight design inequality constraints have been considered for this weight minimizing problem.
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4 SIMULATION RESULTS ANALYSIS
An optimization algorithm optimizes the control or the design variables of a concerned problem to maximize or minimize its objective function/s. For verifying the optimizing ability of the proposed OCAHA algorithm effectively, the present simulation has been carried out in two stages. OCAHA and its chosen competitors have been implemented on the two sets of 29 unconstrained functions (50-dimensional and 100-dimensional) of CEC 2017 test suite (Awad et al., 2017) in the first stage, and then, it has been evaluated on ten challenging engineering cases in the second stage. A 64-bit operating system, an Intel (R) Core (TM) i3-7020U CPU running at 2.30 GHz with 4.00 GB of RAM, and the MATLAB R2020a version make up the common system used for both experimental phases.
4.1 CEC 2017 unconstrained functions
OCAHA, the four state of the art methods, namely, PSO (Kennedy and Eberhart, 1995), DE (Storn and Price, 1997), GWO (Mirjalili et al., 2014) and WOA (Mirjalili and Lewis, 2016), some of their recently developed effective variants, namely, SLPSO (Cheng and Jin, 2015), MTDE (Nadimi-Shahraki et al., 2020), SOGWO (Dhargupta et al., 2020) and EWOA (Tan and Mohamad-Saleh, 2023), and the inspiring method AHA (Zhao et al., 2022) have been tested on the 50D and 100D sets of CEC 2017 in this first simulation phase. Every function from each dimension has been run 30 times independently with each participating algorithm. The implemented population size [image: image] and maximum generations [image: image] for each experimental run of the study are 50 and 1,000 respectively. The analysis of CEC 2017 results is aimed as follows; a) to evaluate the OCAHA algorithm on the 50D functions and to compare the same with the other considered algorithms statistically, b) to verify the solving ability of OCAHA for the 100D functions, c) to ensure the statistical importance of OCAHA outcomes in relation to each competing result for each 100D function through Wilcoxon rank-sum test (Wilcoxon, 1992) at 0.05 level of significance, d) to compare the mean rank of OCAHA with the others for both 50D and 100D CEC 2017 unconstrained benchmark functions through Friedman Mean Rank test (Friedman, 1937), and e) to compare the OCAHA convergence profiles with their competitors.
Both 50D (Table 4) and 100D (Table 5) simulated results show that, the MTDE algorithm achieved the lowest Mean and the lowest SD for the majority of all four categories of functions. The reason behind this high level performance merit is the developed multi-trial vector based approach (Nadimi-Shahraki et al., 2020) to properly distribute the population between their subpopulations to enhance the algorithm search ability in dealing with different levels of complexity. OCAHA has been observed as competitive and as the second performer for both 50D and 100D unconstrained CEC 2017 test functions. Comparing with the results of its parent algorithm AHA, OCAHA performed much well in all the functions of both the dimensional sets of the suite. The lowest average fitness (Mean) and the lowest standard deviation (SD) for each CEC 2017 function have been written in bold fonts, and the italic fonts have been used for the second lowest values of these statistical indexes.
TABLE 4 | Statistical results for the 29 unconstrained functions of CEC 2017 (50D, 30 runs).
[image: Table 4]TABLE 5 | Statistical results for the 29 unconstrained functions of CEC 2017 (100D, 30 runs).
[image: Table 5]Table 4 demonstrates that, of the 58 best performance indicators, 43 (22 Mean & 21 SD) have been achieved by MTDE, 10 (6 Mean & 4 SD) by OCAHA and the rest 5 (1 Mean & 4 SD) positions have been achieved by SLPSO. The same algorithms have achieved 13 (6 Mean & 7 SD), 27 (13 Mean & 14 SD) and 14 (7 Mean & 7 SD) positions respectively as the second best performer for the 50D set. For unimodal functions (F 1 and F 3), MTDE obtained outstanding optimized solutions followed by good solutions by SLPSO, and then the solutions of OCAHA come. For the multimodal category (F 4-F 10), MTDE achieved the minimum Mean for F 4, F 5, F 6, F 8 and F 9, and OCAHA obtained the same for the rest two functions F 7 and F 10. SLPSO achieved second best solution for F 4, F 5 and F 6 functions, and OCAHA achieved the second best solution for F 8 and F 9 functions. For the 10 hybrid functions (F 11-F 20), MTDE obtained almost all the best solutions, OCAHA obtained the second best mean fitness for F 11, F 12, F 13, F 14, F 16, F 17 and F 19 functions and the second best standard deviation for F 11, F 12, F 13, F 14 and F 19 functions. SLPSO achieved the second lowest mean value for F 15 and F 18 functions and EWOA achived the same for F 20 function. OCAHA results for the hybrid and the simple multimodal functions shows its better exploratory search ability than all the other algorithms except MTDE. MTDE emerges as the top performer among the 10 composition functions (F 21-F 30), providing the best Mean for F 22, F 23, F 26, F 27 and F 30 functions, OCAHA is the next performer with the lowest mean fitness value for F 21, F 24, F 28 and F 29 functions, and SLPSO obtained the same for F 25 function. The second best solution for mean fitness value for F 22, F 26, F 27 and F 30 functions and the second best value for standard deviation for F 23, F 24, F 27, F 28 and F 30 functions have been achieved by OCAHA. For composition functions, OCAHA solutions are competitive with respect to those of MTDE, and superior to all the other solutions for this simulation study with 50D set of CEC 2017 unconstrained benchmark functions. OCAHA’s performance on the composition functions demonstrates the algorithm’s strong local entrapment avoidance and its capacity to optimize complex real-world requirements.
Table 5 for 100D set demonstrates that, of the 58 best performance indicators, MTDE achieved 41 (18 Mean & 23 SD), OCAHA achieved 10 (9 Mean & 1 SD), SLPSO achieved 5 (2 Mean & 3 SD) and the rest 2 SD positions have been achieved by EWOA. The achieved positions among the 58 s best indicators are 12 (7 Mean & 5 SD) by MTDE, 23 (11 Mean & 12 SD) by OCAHA, 13 (6 Mean & 7 SD) by SLPSO, 6 (2 Mean & 4 SD) by EWOA, 2 (2 Mean) by GWO and 2 (1 Mean & 1 SD) by SOGWO. Comparing the results of 50D (Table 4) and 100D (Table 5), it is evident that, among the 9 100D functions with the best mean fitness solution by OCAHA, F 10 and F 21 are common to both dimensions with the best mean fitness solution by OCAHA, the functions F 5, F 11, F 16, F 20, F 22 and F 27 with the best mean fitness solution by MTDE for 50D, and the function F 25 with the best mean fitness solution by SLPSO. On the other side, in term of mean fitness solution, among the functions F 7, F 24, F 28 and F 29 with the best solution by OCAHA for 50D, MTDE ranked first for F 24, F 28 and F 29 for 100D. and SLPSO ranked first for the function F 7 for 100D. OCAHA obtained seventh, second, third and fifth ranked mean fitness solutions for the functions F 7, F 24, F 28 and F 29 respectively for 100D. OCAHA continues to provide the second best result for F 9, F 12, F 14, F 19 and F 30. In addition, OCAHA achieved the best standard deviation value for F 6 function, and the second best value of this statistical performance index for the functions F 1, F 4, F 7, F 11, F 12, F 15, F 16, F 18, F 19, F 25, F 27 and F 30. With 100D set, OCAHA continues to provide positive performance in the majority of its well performed 50D functions and achieved much better results in some new functions. The statistical results of 100D show that, the OCAHA’s optimizing performance is superior to all the comparing algorithms except MTDE, and the algorithm is capable of dealing with high-dimensional optimization problems.
At the 0.05 level of significance, the Wilcoxon test (WRST) (Wilcoxon, 1992) is performed to confirm the statistical importance of the OCAHA outcomes with regard to each participating result for each 100D function of the CEC 2017 test suite. p values are generated for each comparing pair between the OCAHA results and the participating algorithms’ results for each function. The WRST or Mann Whitney U test findings for OCAHA are shown in Table 6. A ‘+’ sign denotes the statistical importance between the verifying results, such as between OCAHA and its competitor, while a ‘[image: image]’ sign denotes no statistical significance between their outcomes, meaning that there is no statistical distinction between the two sets of results of a comparing combination. The Wilcoxon test results (Table 6) show that, OCAHA and SLPSO solutions are not statistically different from each other for the 8 functions: multimodal functions F 4, F 9 and F 1; hybrid functions F 11, F 12, F 16 and F 20; and 1 composition function F 28. The same observations of no statistical significance of the OCAHA results are found with PSO for F 3, F 9, F 26 and F 29, with GWO for F 9, F 15, F 17 and F 29, with EWOA for F 7, F 13, F 26 and F 29, with SOGWO for F 9, F 24 and F 29, and with MTDE for the function F 16. However, compared to its nine competitors, OCAHA achieved statistically significant outcomes in 91% of the 261 test measures, which proves the significant statistical advantages of the OCAHA optimized solutions.
TABLE 6 | Wilcoxon rank-sum test results for the 29 unconstrained functions of CEC 2017 (100D, 30 runs).
[image: Table 6]The present study has conducted the Friedman Mean Rank test (Friedman, 1937) (FMRT) to assess OCAHA’s overall performance and compare it to the other considered performances for both 50D and 100D functions of CEC 2017. The FMRT test rank of each method for each 100D function has been reported in Table 7, which shows that OCAHA stands first for 9 functions out of the 29 functions and second for 11 functions. The total optimization performance of all participating methods for both dimension sets can be visualized from Figure 3. As stated earlier, the developed multi-trial vector based approach (Nadimi-Shahraki et al., 2020) properly distributes the population between their subpopulations to enhance the search performance of MTDE, and this explains why the algorithm did better than any performance on the majority of the test functions of both dimensions. OCAHA achieved the second position with the Friedman mean ranks of 2.38 and 2.55 for 50D and 100D benchmark functions respectively. SLPSO has been found as the third best performer of this study with the mean ranks of 3.21 and 2.98 for 50D and 100D functions respectively, whereas the original PSO ranks eighth and seventh for these two dimensions of functions respectively. The performance of EWOA also reached to the fourth overall position with the mean ranks of 4.78 and 4.83 for 50D and 100D functions respectively, whereas its parent algorithm WOA stayed at the ninth position for both the dimensional sets of the benchmark functions. The performance of SOGWO has not been found satisfactory with respect to the original GWO performance for both the dimensions of the functions. However, OCAHA outperformed the original AHA in all the functions of both 50D and 100D.
TABLE 7 | Friedman test ranks for the 29 unconstrained functions of CEC 2017 (100D, 30 runs).
[image: Table 7][image: Figure 3]FIGURE 3 | Friedman mean rank comparison plots for 50D and 100D CEC 2017 bencmark functions.
In Figure 4, the convergence profiles of OCAHA and 8 comparative methods for 1 unimodal (F 1), 2 multimodal (F 5 and F 10), 2 hybrid (F 15 and F 20) and 2 composition (F 22 and F 28) functions of 100-dimensional set of CEC 2017 have been drawn to evaluate the solving ability of OCAHA with respect to the steps of iterations, and to compare the same with the stated 8 algorithms including AHA. The mean of the best fitness values of 30 runs of each iteration of each algorithm has been considered to draw these convergence curves. For F 1, OCAHA shows the fastest convergence up to the first 50% of iterations and then slowly moves towards the better converged solution than all the other performers except MTDE. For F 5, F 10 and F 28, OCAHA reaches the fastest converged mean solution within the first 200 number of iterations and then finds more accuracy in the obtained solution in the later number of iterations, and obtains the best solution for F 5 and F 10 and 3rd best solution for F 28. For F 15, even though OCAHA does not show good convergence with respect to its competitors, like SLPSO, PSO, SOGWO, GWO, EWOA and even AHA up to the first 60% of iterations, it highly explores in the next 20% of iterations and converges into the second best solution after MTDE. For F 20 and F 22, OCAHA explores with a moderate convergence rate up to the first 40% of iterations and then updates its solution towards the global value for both the functions. OCAHA convergence profiles prove that the oppositional-chaotic approach has made the OCAHA methodology competitive with many leading algorithms in solving complex optimization problems.
[image: Figure 4]FIGURE 4 | Convergence profiles for CEC2017 (X-iterations, Y-means of best fitness values of each iteration).
4.2 Engineering design problems
In this phase, OCAHA has been studied on ten different engineering problems with mixed types of control or design variables and with the fulfilling requirements of both equality and inequality limitations of design. In all these engineering benchmark models, the present methodology is penalized with the high fitness value of a simple scalar penalty function to control the specified conditions of design constraints.
Population size and maximum iterations for each problem have been decided after some trial runs, and then for each problem, OCAHA CAHA and AHA (wherever required) have been implemented for 30 independent runs. Based on these 30 separate runs, the mean, best, worst and the standard deviation (SD) figures have been reported and have been compared with the available competing algorithms.
In the WBD optimization, a 50 population size and a 5,000 maximum function evaluations have been set for the algorithms AHA, CAHA and OCAHA. Table 8 shows the obtained optimized designs and its statistical comparison for the problem. To date, the best solution obtained for this model is the fitness function value of 1.955301 by PSO (real integer discrete coded) (Datta and Figueira, 2011) for a function evaluations number ranges from 19584 to 127848, and the same fitness value has been obtained by CAHA and OCAHA for 2,900 and 2,100 number of their function evaluations respectively. From the statistical comparison, OCAHA has been found to be the best and the most robust performer among all. Figure 5 for WBD problem presents the AHA, CAHA and OCAHA convergence profiles for the problem, where AHA reaches its solution of 1.958180 fitness function value at [image: image] iteration, CAHA achieves the best outcome for the problem, [image: image] fitness at its [image: image] iterations, and OCAHA takes only [image: image] iterations to converge into the same solution.
TABLE 8 | Optimized designs and statistical comparison (WBD).
[image: Table 8][image: Figure 5]FIGURE 5 | Convergence profiles of AHA, CAHA and OCAHA for WBD, BPDD, HCSD and STHED problems.
The considered population size and maximum function evaluations for the BPDD (Venkata Rao and Pawar, 2020, Thamaraikannan and Thirunavukkarasu, 2014) problem are 10 and 100000 respectively for the algorithms AHA, CAHA and OCAHA. Based on the 30 individual result sets, the OCAHA optimized designs and its statistical comparison for this problem have been reported in Table 9. Optimized designs of Table 9 clearly identifies OCAHA with the top feasible fitness function outcome of 104.761163 at the lowest computational cost of 12870 number of function evaluations. The average or mean, worst and the SD values in the statistical comparison of Table 9 proves the robustness quality of OCAHA solutions among all including CAHA and AHA. Figure 5 for BPDD problem presents the AHA, CAHA and OCAHA convergence profiles, where, AHA obtains its solution with the fitness function value of 104.761207 at the 4,216 iterations, CAHA achieves 104.761175 fitness after 2,812 iterations, and OCAHA converges into the best finding of the case at its [image: image] iteration.
TABLE 9 | Optimized designs and statistical comparison (BPDD).
[image: Table 9]A 50 population size and a 75000 maximum function evaluations were decided for AHA, CAHA and OCAHA for solving the HCSD weight minimization problem. The reported optimization of Table 10 shows that, the best optimized position with 2.658559 fitness value has been attained by PSO (RIDC) (Datta and Figueira, 2011) at the ‘4,784 to 98992’ range of function evaluations, by Rao-1 (Venkata Rao and Pawar, 2020) and Rao-2 (Venkata Rao and Pawar, 2020) at 45,400 & 25,000 number of function evaluations respectively, for AHA the required function evaluations number is 4,300, for CAHA 3650 function evaluations, and for OCAHA, this number is 2,850 only to reach the stated optimal solution. The statistical findings of Table 10 clearly identify the most robust performance of OCAHA among all. The AHA, CAHA and OCAHA convergence profiles of Figure 5 for the HCSD problem show that, AHA converges into the solution at its [image: image] iteration, CAHA in its 73 iterations, and OCAHA takes 57 iterations to achieve the same.
TABLE 10 | Optimized designs and statistical comparison (HCSD).
[image: Table 10]For the HTBD (Siddall, 1982) design optimization problem, a 10 population size and for a close comparison with the available competing algorithms (Venkata Rao et al., 2011; Venkata Rao and Pawar, 2020, Zhao et al., 2022; He et al., 2004, Deb, 1997, Venkata Rao and Waghmare, 2017), a maximum 25000 function evaluations have been considered for implementing the algorithms CAHA and OCAHA. Table 11 of the optimized designs for the problem shows that, the best fitness of 1624.512578 has been achieved by OCAHA at the 22190 function evaluations and CAHA achieves 1624.516195 fitness at its 24180 function evaluations, whereas Rao-2 (Venkata Rao and Pawar, 2020) obtained 1625.184754 fitness value at its 24080 function evaluations. Statistical comparison part of Table 11 establishes the OCAHA algorithm as the most robust performer among all its competitors. Figure 6 for HTBD problem presents a statistical comparison plot for the obtained results by OCAHA and the other considered algorithms for the problem.
TABLE 11 | Optimized designs and statistical comparison (HTBD).
[image: Table 11][image: Figure 6]FIGURE 6 | Statistical comparison plots for HTBD, SRD, GTD and MDCBD problems.
For the PVD problem, a 100 population size and a maximum 10000 function evaluations were fixed for AHA, CAHA and OCAHA methods. The reported optimized designs of Table 12 show that, the best fitness solution of 6059.70161 has been generated by EA (Mezura-Montes and Coello, 2005) at the computation of 30000 function evaluations, OCAHA secured the second position with a fitness value of 6059.71426316 after proceeding through its 4,300 function evaluations, CAHA ranked third with 6059.71427015 at its 5,600 function evaluations, AFA (Baykasoğlu and Ozsoydan, 2015) obtained the fourth best solution with a fitness value of 6059.71427196 at its 3,000 function evaluations approximately, and IPSO (He et al., 2004) performs with the fifth best design with 6059.7143 fitness value at the cost of its 30000 function evaluations. The statistical comparison of Table 12 for the obtained solutions of the problem indicates that, WAROA + JADE (Jiang et al., 2020) and TLBO (Venkata Rao et al., 2011) algorithms outperform all the algorithms including OCAHA in term of mean or average fitness result. However, compared to the WAROA + JADE algorithm, the OCAHA algorithm requires a significantly lower computing cost.
TABLE 12 | Optimized designs and statistical comparison (PVD).
[image: Table 12]PFHED problem (Ramesh and Sekulic, 2003) considers seven designing variables and twenty two design inequality constraints to minimize the entropy generation units [image: image] of a typical cross-flow (gas-to-air and single-pass) model of this system. The considered population size and maximum function evaluations for AHA, CAHA and OCAHA for the problem are 10 and 14000 respectively. Based on the 30 separate test-runs for all the three implementing methods, the optimized outcomes (Venkata Rao and Pawar, 2020; Zarea et al., 2014; Mariani et al., 2019; Ramesh and Sekulic, 2003) for this problem have been reported in Table 13. OCAHA obtains the best optimized fitness solution of 0.115402 at its 9,730 function evaluations. Rao-2 (Venkata Rao and Pawar, 2020) obtains 0.116546 and Rao-1 (Venkata Rao and Pawar, 2020) 0.116597 stand as the second and the third best designer for the problem respectively. FOA (Mariani et al., 2019) spends its 3,500 function evaluations in order to attain a comparatively faster convergence with a 0.1333 fitness value. Statistical comparison of Table 13 establishes that, for the same maximum function evaluations of 14000, OCAHA outperforms all the participating algorithms including AHA in all the performance indexes.
TABLE 13 | Optimized designs and statistical comparison (PFHED).
[image: Table 13]The SRD problem requires weight minimization of a speed reducer. A population size of 100 has been decided to implement both CAHA and OCAHA algorithm for the problem. The designs optimized for this minimization problem have been outlined in Table 14. Table 14 demonstrates that, MBA (Ali et al., 2013) obtains a solution with 2,994.482453 fitness function value at the cost of its 6300 function evaluations, AHA (Zhao et al., 2022) solves the problem with a fitness value of 2,994.471158 after proceeding through its 30000 function evaluations, CAHA generates 2,994.344816 fitness solution at its 7,200 function evaluations, and OCAHA obtains the best fitness value of 2,994.342041 im its 6900 number of function evaluations. With respect to the required computational cost, [image: image] the function evaluations in optimizing the problem in marginal deviation, MBA outperforms all the reported algorithms including OCAHA. Statistical comparison of Table 14 shows that, the best, mean or average and the worst values of OCAHA solutions are best among all, whereas, Jaya (Venkata Rao and Waghmare, 2017) and CAHA algorithms outperform OCAHA with the standard deviation (SD) values of 0 and [image: image], respectively for the same number of maximum function evaluations 10000. The statistical comparison plot in Figure 6 for the SRD problem clearly identifies the robustness solving ability of OCAHA among all the considered competing algorithms.
TABLE 14 | Optimized designs and statistical comparison (SRD).
[image: Table 14]In the STHED (Kern and Kern, 1950) problem, three control or designing variables have been considered along with eight inequality constraints for the total annual cost [image: image] minimization of a shell and tube model of heat exchanger. A 10 population size and a maximum 6000 function evaluations are the decided algorithmic parameters for all the three methods (AHA, CAHA and OCAHA) to optimize the problem, and based on the 30 individual result sets, the obtained designs have been compared with the available designs from literature as reported in Table 15. OCAHA outperforms all the algorithms (Venkata Rao and Pawar, 2020; Mariani et al., 2019; Kern and Kern, 1950; Caputo et al., 2008; Amin and Ali, 2013; Patel and Rao, 2010) with a fitness function value of 18240.94 at the cost of its 2,700 number of function evaluations. CAHA ranks second with the fitness solution of 18285.31 at the cost of its 4,050 function evaluations. Rao-1 and 3 (Venkata Rao and Pawar, 2020), both the algorithms with the same fitness result of 18335.99 and FOA (Mariani et al., 2019) with 18560.3 rank third, fourth, and fifth performers, respectively for this minimizing optimization case. With just 350 function evaluations, PSO (Patel and Rao, 2010) achieved the fastest converged solution with a 20310 fitness value. Statistical comparison of Table 15 clearly shows that the Rao-1 (Venkata Rao and Pawar, 2020) method achieves the most robust optimization with the standard deviation of 5.77e-02, whereas, OCAHA outperforms all the participating algorithms including Rao-1 in the remaining comparing indexes. Convergence profiles of Figure 5 for STHED problem show that, the AHA reaches the 18926.45 fitness value at its 517 number of iterations and CAHA achieves 18285.31 after 405 iterations, whereas, with a faster rate of convergence, OCAHA obtains the best solution at its [image: image] iteration.
TABLE 15 | Optimized designs and statistical comparison (STHED).
[image: Table 15]The GTD is an unconstrained minimization problem, which optimizes four number integer type control or designing variables to minimize the problem objective. A 50 population has been considered for AHA, CAHA and OCAHA to solve this problem. The obtained optimized designs (Table 16) show that, the ABC (Akay and Karaboga, 2012) algorithm obtains the global solution with [image: image] fitness function value at the lowest computational cost of only its 60 function evaluations among all. OCAHA comes out as the second performer in this regard with 350 number of its function evaluations to converge into the stated global solution. CAHA takes its 450 function evaluations to reach the same solution for this case. Statistical comparison of Table 16 shows that, the average or mean, worst and the SD measures of OCAHA results are the best of all the participating methods including ABC (Akay and Karaboga, 2012). However, ABC employed a maximum of 30000 function evaluations, whereas, for MBA (Ali et al., 2013), CSA (Askarzadeh, 2016), AHA, CAHA and OCAHA algorithms, a maximum of 10000 function evaluations have been considered to obtain the reported results. Statistical comparison plot of Figure 6 for GTD problem clearly identifies OCAHA and CAHA as the first and the second robust performers for the case respectively among all.
TABLE 16 | Optimized designs and statistical comparison (GTD).
[image: Table 16]The applied population size in the MDCBD problem for CAHA and OCAHA for mass minimization of a multiple disc clutch brake system is 5. Table 17 demonstrates that, OCAHA obtains the so far lowest solution (0.3136566) with the optimized actuating force [image: image] of 800 at its [image: image] function evaluations. CAHA achieves the same set of solution at the cost of its 125 function evaluations. Statistical comparison of Table 17 reveals that, for the same number (600) of maximum function evaluations, the average or mean, worst and the standard deviation measures of OCAHA solutions are best among all. Statistical plot of Figure 6 for MDCBD clearly identifies the OCAHA algorithm for its most robust performance parameters for the problem.
TABLE 17 | Optimized designs and statistical comparison (MDCBD).
[image: Table 17]5 CONCLUSION
This work modified the newly designed AHA methodology by the OBL rule and the chaos of Gauss/mouse map for more accurate and faster optimization. The proposed OCAHA method has been tested on 50 and 100 dimensional sets of the unconstrained CEC 2017 benchmark suite, and on the 10 challenging models of engineering optimization. Four state of the art optimizers, viz. PSO, DE, GWO and WOA, their recently developed 4 effective variants, viz. SLPSO, MTDE, SOGWO and EWOA, and AHA have been the participating algorithms benchmarked on CEC 2017 functions to evaluate the overall optimization performance of OCAHA. OCAHA performance parameters for the engineering problems have been compared with the leading algorithms of literature to verify its applicability in the complex real-world cases of optimization.
Statistical assessment of the CEC 2017 results through the standard indexes and tests (WRST and FMRT), and the convergence profiles identify OCAHA as the second performer of the evaluation after MTDE. The OCAHA optimized designs for engineering cases have been found superior to the previous performances. In the engineering design optimizations, on average, it has reduced the computational cost by 57.5% and 22.63% in term of function evaluations and the fitness value by 2.4% and 0.23% in comparison to the parent method AHA and its chaotic version CAHA, respectively. Overall, the study justifies modifying AHA with the proposed strategy, and confirms its potential to compete with many leading optimizers in dealing with the practical complexities.
In the future works, (a) the present method can be applied for the other challenging problems of engineering optimization, (b) the methodology can be equipped with the appropriate enhancers for more effectiveness, (c) it can be enabled for the current and more complex aspects of engineering and for real data optimization, and for the ongoing applications of machine learning, (c) the multi-objective algorithmic form of OCAHA can be implemented.
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PSO (RIDC) Particle swarm optimization (real integer discrete coded)
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SOGWO Selective opposition based grey wolf optimization
FE Function evaluation
SLPSO Social learning particle swarm optimization
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GeneAS Genetic adaptive search
SD Standard deviation
GWO Grey wolf optimizer
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F22 | SD 127E+03 | 840E+02 206403 | LISE+03 | 139E+03 | 127E+03 S17E+02 | 124E+03 | LIGE+03 | 4.93E+02
Mean 4.41E+03 8.29E+03 3.48E+03 3.61E+03 3.84E+03 3.41E+03 3.17E+03 3.66E+03 3.61E+03 3.43E+03
F23 | SD 233E402 | 439402 967E+01 | S67E+01 | 138E+02 | 6AIE+01 325E+01 | 779E+01 | 7.22E401 | 4.13E+01
Mean 557E+03 | 148E+04  3.65E+03 | 362E+03 | 368E+03 | 3.64E+03 351E+03 | 346E+03 | 371E+03 | 3.35E+03
F24 | SD 363E+02 | 865E+02  1SSE+02 | SS4E+01 | L5IE+02 | 148E+02 550E+01 | LOIE+02 | 7.88E+01 | 5.67E+01
Mean 454E+03 | 743E+04  SOIE+03 | 317E+03 | 354E+03 | 5.04E+03 321E+03 | 337E+03 | 413E+03 | 3.30E+03
F25 SD 1.17E+03 1.39E+04 8.83E+02 4.32E+01 1.85E+02 8.79E+02 5.39E+01 8.09E+01 3.51E+02 5.46E+01
Mean 121E404 | 488E+04  LI3E+04 | 892E+03 | 131E+04 | LI9E+04 877E+03 | LIOE+04  126E+04 | 8.83E+03
F26 | SD 238E+03 | LO7E+04  149E+03 | 732E+02 | L8IE+03 | 152E+03 756E+02 | 876E+02 | 205E+03 | 7.70E+02
Mean 411E+03 | LIOE+04  406E+03 | 391E+03 | 458E+03 | 4.08 E+03 351E+03 | 423E+03 | 429E+03 | 3.79E+03
F27 SD 3.83E+02 7.57E+02 2.35E+02 1.91E+02 4.43E+02 2.10E+02 5.62E+01 1.94E+02 3.17E+02 1.78E+02
Mean JIEA3 | 105  SI7ES | 412603 | AI6E3 | SO5E403 340E+03 | 393E+03 | 410E+03 | 3.36E+03
F28  SD 207E+03 | 636E+03  139E+03 | 296E+02 | 402E+02 | 1.23E+03 289E+01 | LISE+02 | 678E+01 | 3.1IE+01
' Mean 69«03 | G7EWS  7OGEA03 | SAOE0 | S33EW3 | 7.14E403 557E+03 | 6OSE+03 | 754E+03 | 5.13E+03
F29 SD 5.73E+02 245E+06 5.51E+02 3.91E+02 1.42E+03 7.09E+02 4.79E+02 5.38E+02 1.44E+03 3.48E+02
Mean 9.14E+08 | 423E+09  586E+08 | G626E+07 | 205E+08 | 88IE+08 LI3E+04 | 966E+07 | G97E+07 | 7.84E+06
F30  SD 837E+08 | 936E+08  G69E+08 | 229E+07 | 8OIE+08 | 8.07E+08 369E+03 | 133E+08 | 172E+07 | 3.01E+06
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F10 ‘3 10 .5 ‘2 9 6 4 vs ‘7 1
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F1 | 42E-12(+) | 38E-12(+) | 41E-12(+) 6.5E-09 (+) 42B-12(+) | 42E-12 () 33E-12(+) | 50E-12 (+) 1.2E-10 (+)
F3 | 58E-02(-) | 24E-14(+) | 22E-11(+) 22E-16 (+) 38E-08 (+)  40E-07 (+) 22E-16(+)  44E-14 (+) 42E-12 (+)
+= 1 200 200 200 200 [0 200 200 20
F4 | 50E-07(+)  40E-12(+)  G60E-10(+) 64E-02 (-) 41B-12(+)  37E-11(4) 41E-16 (+)  21E-05 (+) 41E-12 (+)
F5 | 41E-12 (+) 416E-12 (+) | 4.0E-12 (+) 6.0E-08 (+) 404E-11 (+) | 41E-12 (+) 53E-07 (+) 4.04E-12 (+) 4.04E-11 (+)
F6 | 23E-11(+) | 416E-12(+) | 406E-12(+)  20E-10 (+) 40B-12(+)  41E-12(4) 20B-16 (+)  414E-12(+) | 407E-11 (+)
F7 | 30E-08(+)  39E-12(+)  39E-08 (+) 4.0E-18 (+) 404E-11 (+) | 55E-13 (+) 41E-15(+)  524E-01 (-) | 403E-10 (+)
F8 | 24E-13(+) | 385E-12(+) | 407E-12(+) | 288E-16(+) | 40SE-12(+) | 39E-11 (+) 26E-17 (+) | 41E-12 (+) 4.0E-12 (+)
F9 | GIE-02 (-)  386E-12(+)  553E-01 (-) | S584E-01 () | 207E-03 (+) | 67E-02 (-) 29E-18 (+) | 21E-04 (+) 34E-07 (+)
F10 | 30E-05(+)  417E-12(+)  26E-04 (+) 418E-01 (-) | 405E-10(+) | 17E-04 (+) 42E-12 (+) | 41E-12 (+) 3.96E-07 (+)
- | 6 710 61 413 710 6/1 710 61 710
FI1l | 34E-02(+)  406E-12(+)  41E-12(+) 55E-01 () 40E-12(+) | 41E-12(+) 20B-02(+)  387E-12(+) | 41E-12 (+)
F12 | 48E-03 (+)  3.04E-08 (+)  5.1E-03 (+) 45E-01 () 38E-08 (+)  A7E-03 (+) 407E-12 (+) | 58E-05 (+) 21E-06 (+)
F13 | 324E-06(+)  4.16E-12(+)  3.1E-06 (+) 306E-08 (+) | 214E-09 (+) | 45E-07 (+) 254E-03 (+) | 57E-02 (-) 20E-11 (+)
Flo | 34E-06() | LSE-08 () | 30E-04(s) 21E-03 (+) 186E-07 (+) | 6.9E-09 (+) 202 () | 23E06() | 69E11 ()
F15 | 30E-04(+) | 374B-12(+) | 55E-02(-)  308E-02(+) | 20E-07(+) | 384E-09 (+) 42E-08 (+) | 28E-05 (+) 42E-12 (+)
F16 | 17E-05(+)  378E-10(+)  18E-05(+) 6.0E-02 (-) 25E-06 (+) | 36E-02 (+) 44E-01 (-) | 285E-03 (+) | 454E-04 (+)
F17 | 18E-03(+) | 43E-12(+) | 535E-02 (-) | 40E-02(+) 204E-10 (+) | 3.1E-04 (+) 7AE-04 (+) | 4.9E-05 (+) 345E-07 (+)
F18 | 36E-05(+)  385E-12(+) | 684E-07 (+) | 256E-02(+) | 265E-08 (+) | 3.04E-07 (+) 19E-04 (+) | 39E-12(+) 42E-08 (+)
F19 | 25E-03 (+)  384E-12(+) | 154E-04 (+) | 18E-07 (+) 41E-12(+) | 7.14E-04 (+) 17E-07 (+4)  385E-12(+) | 405E-12(+)
F20 | 32E-04(+)  42E-12(+)  83E-03(+) 346E-01 (-) | 39E-12(+) | 59E-03 (+) 23E-02(+) | 67E-10 (+) L74E-07 (+)
+- 1000 10/0 82 6/4 10/0 10/0 9 an 10/0
F21 | 42E-12(+)  304E-11(+)  37E-10(+) 22E-07 (+) 41E-12(+) | 39E-12 (+) 20E-03 (+)  5.6E-09 (+) 4.0B-12 (+)
F22 | 41E-08(+) | 378E-12(+) | 37E-06 (+) 175E-03 (+) | 387E-11(+) | 23E-11 (+) 29E-08 (+)  4.0E-12 (+) 27E-10 (+)
F23 | 42E-12(+)  386E-12(+) | 41E-07 (+) 31E-05 (+) 34E-09 (+) | 22E-05 (+) 404E-12 (+) | 31E-03 (+) 555E-11 (+)
F24 | 42E-12(+) | 415E-10 (+) | 29E-02 (+) L87E-03 (+) | 387E-12(+) | 305E-01 (-) | 28E-13(+) | 41E-08 (+) 37E-09 (+)
F25 | 30E-03 (+)  38E-12(+)  S1E-11(+) 355E-07 (+) | 385E-12 (+) | 66E-11 (+) 466E-05 (+) | 41E-12 (+) 414E-12 (+)
F26 | 42E-01 (-) | 40E-12(+) | GOSE-03 (+)  344E-02(+) | 245B-07 (+) | 44E-02 (+) 67E-11(+) | 64E-02 (-) 3.6E-08 (+)
F27 | 65E-10(+)  386E-12(+)  306E-09 (+) | 615E-09 (+)  37E-07 (+) | 324E-08 (+) 26E02 () | 27E04() | 35E07 ()
F28 | 2.3E-09 (+) 3.9E-12 (+) 4.06E-12 (+) S5.0E-01 (=) 3.9E-12 (+) 4.1E-12 (+) 1.7E-10 (+) 5.8E-07 (+) 4.04E-12 (+)
F29 | 64E-02 (-)  375E-08 (+)  538E-01 (-) | 37E-03 (+) 38E-12(+) | 47E-01 (-) 33E-12(+) | 43E-01 (<) 21E-06 (+)
F30 | 8.0E-05 (+) 42E-12 (+) 1.7E-03 (+) 3.1E-04 (+) 214E-11 (+) | 4.1E-12 (+) 1.8E-09 (+) 3.3E-03 (+) 3.9E-12 (+)
+- | 82 10/0 N an 10/0 812 10/0 812 10/0

25/4 29/0 25/4 21/8 29/0 26/3 28/1 25/4 29/0
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Welding type Material properties Cost terms

Xy (Two-sided welding) Xi (Four-sided welding)  Material E (Mpsi) G (Mpsi) Ry

0 1 Steel 0 30 30 12 0.1047 0.0481
0 1 [ Cast iron 1 [ 8 [ 14 6 0.0489 | 0.0224
0 | Aluminium 2 B 10 V 4 0.5235 0.2405
0 1 Brass | ] 8 16 6 0.5584 0.2566
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Name of the functions

‘Unimodal functions

Simple multimodal
functions

Hybrid functions

Composition functions

1 Shifted and Rotated Bent Cigar Function [~100 100) 100
3 Shifted and Rotated Zakharov Function [~100 100] 300
4 Shifted and Rotated Rosenbrock's Function [~100 100) 400
5 Shifted and Rotated Rastrigin's Function [~100 100] 500
6 Shifed and Rotated Expanded Scaffer's Fé Function [~100 100] 600
7 Shifed and Rotated Lunacek Bi-Rastrigin Function [~100 100) 700
8 Shified and Rotated Non-Continuous Rastrigin’s Function (100 100} 800
9 Shifted and Rotated Levy Function [~100 100) 900
10 | Shifted and Rotated Schwefel’s Function [~100 100] 1000
1 Zakharov Function, Rosenbrock’s Function, Rastrigin's Function 100 100] 1100
12| High Conditioned Elliptic Function, Modified Schwefel’s Function, Bent Cigar Function {100 100] 1200
13| Bent Cigar Function, Rosenbrock’s Function; Lunacek Bi-Rastrigin's Function 100 100] 1300
14 | High Conditioned Elliptic Function, Ackley's Function, Schaffer's F7 Function, Rastrigin’s Function | [~100 100] 1400
15| Bent Cigar Function, HGBat Function, Rastrigin’s Function, Rosenbrock’s Function 100 100] 1500
16 | Expanded Schaffer’s F6 Function, HGBat Function, Rosenbrock's Function, Modified Schwefel's  [~100 100] 1600
Function
17 | Katsuura Function, Ackley’s Function, Expanded Griewank’s plus Rosenbrock’s Function, Modified  [~100 100] 1700
Schwefel's Function, Rastrigin’s Function
18 | High Conditioned Elliptic Function, Ackley's Function, Rastrigin’s Function, HGBat Function, 100 100] 1800
Discus Function
19| Bent Cigar Function, Rastrigin's Function, Expanded Griewank's plus Rosenbrock's Function, [~100 100] 1900
Weierstrass
Function, Expanded Schaffer's F6 Function
20 | HappyCat Function, Katsuura Function, Ackley's Function, Rastrigin's Function, Modified Schwefel's  [~100 100] 2000
Function, Schaffer's F7 Function
2 Rosenbrock’s Function, High Conditioned Elliptic Function, Rastrigin’s Function 100 100] 2,100
22| Rastrigin’s Function, Griewank's Function, Modified Schwefel’s Function [~100 100] 2,200
23| Rosenbrock’s Function, Ackley's Function, Modified Schwefel's Function, Rastrigin’s Function 100 100] 2,300
24| Ackley's Function, High Conditioned Elliptic Function, Griewank’s Function, Rastrigin's Function  [~100 100] 2,400
25 | Rastrigin’s Function, HappyCat Function, Ackley’s Function, Discus Function, Rosenbrock's [~100 100) 2,500
Function
2 | Expanded Schaffer’s F6 Function, Modified Schwefel's Function, Griewank's Function, Rosenbrock’s | [~100 100] 2,600
Function
| Rastrigin's Function
27| HGBat Function, Rastrigin's Function, Modified Schwefel’s Function, Bent Cigar Function, High  [~100 100] 2,700
Conditioned
Elliptic Function, Expanded Schaffer’s F6 Function
28 | Ackley's Function, Griewank’s Function, Discus Function, Rosenbrock's Function, HappyCat 100 100] 2,800
Function
Expanded Schaffer's F6 Function
29| Hybrid En. 5 (No. 15), Hybrid Fn. 6 (No. 16), Hybrid Fn. 7 (No. 17) [~100 100) 2,900
30 | Hybrid Bn. 5 (No. 15), Hybrid Fn. 8 (No. 18), Hybrid En. 9 (No. 19) {100 100] 3,000






OPS/images/inline_66.gif





OPS/images/inline_67.gif





OPS/images/inline_684.gif





OPS/images/inline_69.gif





OPS/images/inline_68.gif





OPS/images/inline_683.gif





OPS/images/logo.jpg
& frontiers | Frontiers in Mechanical Engineering





OPS/images/inline_516.gif





OPS/images/inline_408.gif





OPS/images/inline_517.gif





OPS/images/inline_192.gif
750 % 127 inch’





OPS/images/inline_300.gif





OPS/images/inline_410.gif





OPS/images/inline_52.gif





OPS/images/inline_193.gif





OPS/images/inline_301.gif





OPS/images/inline_411.gif





OPS/images/inline_520.gif





OPS/images/inline_3.gif





OPS/images/inline_409.gif





OPS/images/inline_518.gif





OPS/images/inline_191.gif
3000 psi





OPS/images/inline_30.gif





OPS/images/inline_41.gif
1





OPS/images/inline_519.gif
QN





OPS/images/inline_196.gif





OPS/images/inline_304.gif





OPS/images/inline_414.gif





OPS/images/inline_53.gif





OPS/images/inline_197.gif
N ($)





OPS/images/inline_305.gif





OPS/images/inline_415.gif





OPS/images/inline_534.gif
1287





OPS/images/inline_194.gif





OPS/images/inline_302.gif





OPS/images/inline_412.gif





OPS/images/inline_521.gif
5K





OPS/images/inline_195.gif





OPS/images/inline_303.gif





OPS/images/inline_413.gif





OPS/images/inline_522.gif
4ond





OPS/images/inline_2.gif
(W)





OPS/images/inline_198.gif





OPS/images/inline_306.gif





OPS/images/inline_416.gif





OPS/images/inline_199.gif





OPS/images/inline_307.gif





OPS/images/inline_417.gif





OPS/images/inline_547.gif
86!





OPS/images/inline_308.gif





OPS/images/inline_418.gif





OPS/images/inline_55.gif
VYix, (1))





OPS/images/inline_54.gif





OPS/images/inline_201.gif





OPS/images/inline_310.gif





OPS/images/inline_420.gif





OPS/images/inline_574.gif
N ($)





OPS/images/inline_202.gif





OPS/images/inline_311.gif





OPS/images/inline_421.gif





OPS/images/inline_58.gif
(g





OPS/images/inline_20.gif





OPS/images/inline_309.gif





OPS/images/inline_419.gif





OPS/images/inline_56.gif
>





OPS/images/inline_200.gif





OPS/images/inline_31.gif





OPS/images/inline_42.gif





OPS/images/inline_57.gif





OPS/images/inline_205.gif





OPS/images/inline_314.gif





OPS/images/inline_424.gif





OPS/images/inline_592.gif





OPS/images/inline_206.gif





OPS/images/inline_315.gif





OPS/images/inline_425.gif





OPS/images/inline_203.gif





OPS/images/inline_312.gif





OPS/images/inline_422.gif





OPS/images/inline_59.gif
AW





OPS/images/inline_204.gif





OPS/images/inline_313.gif





OPS/images/inline_423.gif





OPS/images/inline_591.gif





OPS/images/inline_207.gif





OPS/images/inline_316.gif





OPS/images/inline_208.gif
Cr





OPS/images/inline_280.gif





OPS/images/math_49.gif
Constant  inputs for the problem:
Power tobetransmitted = 75 x 10° kg —cm 571
Speed of the pinion = 1500 rpm
Bending momentdeslopedon geartecth = 4746 10" kg ~om

Transm ission ratio = 3. Tooth form factor = 2.54

Allowable. maximum limit for gar tecth'bending sress = 900 kg am”2
Allowable. maximum surface compressivestress limit for both pinion and gear
= 5800 kg cm 2
Allowable. maximum limit for inion shaft's bending stress = 1100 kg ™2
Allowable. maximum limit for gea shafts bending stress = 850 kg cm 2
Hlastic coeffcientvalue (modulusof lasticty dependent)
4003 x 10° kg cm™2

()
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The pmblemd.mg,\ inequality constraints to satisty:
-550

o =2 (ms")s0

Vi -1 (ms™)s0
Apu, - 35000 (Pa) <0

Va1 (ms” (51)
Vit =03 (ms ') 20, Cor
Apes - 35000 (Pa) <0, Ca
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Specified intervals of designing variables:
[0.008,0.051] m, Dy, = [0.2,1.0] m, S,

D, (52
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Designing variables (to optimize):
3= [Doc i, Si]
Objective function (to minimize)
W(R) = Cy = Cey 4 Croo €

(50)






OPS/images/inline_285.gif





OPS/images/inline_394.gif





OPS/images/inline_503.gif





OPS/images/math_55.gif
ing variables (to optimize):

£=[Go Gs Ga Gil

Objectiv unction (to minimiz): 9
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Spe cified intervals of designing variables : (all are integer variables) (56)
Go = 12, 60, Gy =[12, 60l Gx=[12, 60, Gy =[12, 60]
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Constant inputs for the problem:

iy, & it = Hot & cold luid mass flow rates = 22.07 & 35.31 kgs™ respectively
Ty, (1) & Te, (1) = Hot & cold fluid nlet temperatures = 33.9 & 23.9 °C = 307.05 & 297.05 'K respectively.
T, (0) & Te, (0) = Hot & cold fluid outlet temperatures = 29.4 & 267 °C = 302.55 & 299.85 'K respectively

Py, & e, = Hot & cold fluid mass density = 995 & 995 kg respectivly
Cits(p) & Cr (p) = hot & old luidspecific heatsat constant pressure = 4.18 x 10° & 4.18 x 10° Jkg ™K'
respectively
b, & i, = Hot & cold lid dynamic viscosity = 0.0008 & 0.00092 N respectively
b () & i (1) = Shell & tube side dynamic viscosity of water = 0.00038 & 0.00052 N respectively 53
“Thermal conductiviy of shel & tube = 0.62 & 0.62 Wim™'K ™" respectively
Fouling esistance of flow for shell & tube side fluid = 0.00017 & 0.00017
respectively
Number of the tube passes = 2
Coefficint fo thetriangular tube pitch andN = 2 = 0.249
Coeffcint for thetriangular tube pitch and 207
Energy cost = 0.00012 € KW, NY, = Equipment i (inyear) = 10 years
Overall pumping eficiency = 80% = 0.8
Annual operating time = 7000 h year™', j = Annual discount rate

o
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Prob lem'sinput rlations:
P, = Tube pitch or the trangular arrangement = 1.25Do m
D0 - Slbyiicdmtor il damc - S 1 - 09170,

(0 = Nomberof tubes = x,("“) . Dy = Intermaldiameterof theubes = 08D

Do
Da)
o = Normalcross - sectonalare t0thelow diection = D5 1 - 22 ) e

0 LT p—

Ve & Vi, = Howelocity through ubes & shell

Re(CH) & Re(Hs) = Reynolds number for ube & shell fow = fababe o HuDl) respectively

T Aot
& -t ol ) B 0)
A
(5 = oclicintofconvectivebeat st o shelsid o = 0.36{ - e 1 pr 11y
) . " R

(6 = Shellide fow ictonfcor = L#4Re (3}
(1.82l0g,,Re (Cr) ~ 1.64)” for Re(Cr) 2100
(0= Tubeside o frictonfctor = | 0.0054-+ 0.00000023(Re (C1Y) or 2100.< Re(C < 000

000128 + 01143 (Re(CH) for Re(C1) 2 4000

(i o))
o ol 2) |

2/ e )

L8 e(cn - 1000ppricn

for Re(CH) <2100

e

Coefcient of convectiveheat transr for tbeside flow = / ©

Gl

nnz7("")m(m“h4cn“"( to) " e neccoz oo

]m,z.m,(c,k.m

ooy L prce - )

(@),

WK

Nu(Hs) & Nu(Ct) = sl mumberfor heshell tubeside o = 122

RSP (Y (Y
ity () )
o) - (o) Te (0)

(irn)

)= T (0) (0~ Ter )
Ta@-Tau M E

= Overall heattransfer coeficient =

X

Qer = Heattransfer rate for sensible heattransfer = iy, (p) (T ) = Ty (0)) = iy Cox (p) (T 0} = Ter (i) W

= texd bt arearm L & ube engtl nA) =
A= Totlhestexchangersufaceares = G i 1, = Requied belenghbased o0 4)

e
DN ()
St - ety 25 ) 2]

i ¢ e I 5 SOl B e s nd

S E i)

(Ces = Capital investment forboth shell & ubes of stainles stcl) = 8000 + 259.2(A) " €
Gl = Annual operatingcost) = PC,AOT € year™

AT
i

(54)
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Constant input for the problem: }

y GG
Gearra tioof thegeartrain (GR) = 22
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Designing variables (to optimize):
$=[R Ro tr Pa Nyl
Objective function (tominimize):
W(E)=m (R, -R)ty(Np+1) p kg

(58)
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ihe probiem design inequality constraints to satisty:

Cy. = Limitation on difference between thefriction surfaces radi = Ry ~ R, - AR2 0
Cau = Overallaxillength of friction discsor surfaces = Ly, ~ (N + 1) (1 + ALY 0
Cu. = Maximum allowable intensity of pressure on the riction surfaces = Py ~ P> 0
Cu. = Condition for maximum rubbing work = PyV. ~ PV 0 (59)

Cs. = Condition for maximum velocity =V ~V'2 0
Co. = Frictional torque capaciy requirement for the clutch brake system = Ty = 5T 2 0
C;. = Condition of non ~ negativity for the stoppingtime = fszor 2 0

C,. = Condition for stopping time = tsrop. — terop = 0
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‘Co nstant inputs for the prodlem:

Difference between the frition surfaces”outer and inner radi = 20 rm

Friction discs’axallength (maximum) = 30 mm

Coefiicient o friction between the iscs orsurfacesin contact = 0.5

15, Ty=40N-mand Ty =3 N-m

Densityof frction disc or plate materialof brake system = 0.0000078 kg mm ™3

Allowable maximum pressureintensity between surfaces in contact = 1 N mmi-2

Maximum velocity = 10 m s°1 ()

Brake shaft'srotational speed = 250 rpm

Mating ficton pltes’axial spacing rom e another = 0.5 mm

Polar moment of inertia (mass) for flywheel rotat
Pax = Allowable maximum actuatingforce on the fiction surfces =

5707, = Maximum stopping time = 15's

o Contin oo st snplar sy -2 raan 1
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input relations for the proviemx:
Ar = Amating ficion surfae paisarea = (RS, - R?) mm”
P = uniform pressure levelacrossall contacting rition surfaces
Axialactuating force, Py

- N2
Res = Mean or ffective radius of fricton of clutch brakedisc surfaces
2R R o
SRR 0,
Tangentialvlocity of the fiction surfaces or discs = ay Ry 1 5°1
Tl ol oo i by bk on niform s
xg, r
=
1w
Tu+Ts s

(©)

= 2PN N

tror = S!oppmgumz
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Specified intervals of designing variables:  (Discrete)

R =160, 61, 62
Ro = (90, 91,92,
980, 990, 1000 ] N, Ny

78,79, 80 | mm ,
- 108, 109, 110 ] mom, 1 =[1, 15, 2, 25, 3] mm,
23,4 ....89]

(60
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input reistions for the problem:
8FpDo’N

= Deflction t masimum working load posiion = “-2=£2¢

G
§ = Springratcof deflction = {74

o)
e = Deflection at preloaded positior

_ Dy
1= Springindex = 2¢
a

Sy = Wahlstress factor
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Designingvariables (to optimize):
x — = (R Re Qotto]
Objectve function to mirimize): .

Qo p
_) st
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Constant inputs for the provien:
Faue = Workingload (maximum)
Compressive preload force = 300 Ib
lowable maximum shear stress = 189 x 10° psi
Springmaterial's Young's modulus = 30 x 10° psi
pring material's shear modulus = 11.5 x 10° psi
‘Maximu free lengthof the spring = 14 inch
Minimum wire diameter o the spring = 0.2 inch.
Spring’s winding coil maximum outside diameter = 3 inch.
= Allowable maximum preloaded deflction of thespring = 6 inch.
Deflection measured between preloaded and maximum working
load positions = 1.25 inch.

(30
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Constant inputs for the problem:
Specific weight of the i) = 0.0307 Ib inch
Specificheat of theail = 0.5 BTU 1™ “F!
Constant forluid or il of SAE 20 grade
Constant forfluid or il of SAE 20 grade
‘The generator Weight = 101000 I
‘Maximum allowable pressure = 1000 b inch™* 35)
Permissibllimit for temperature rise o theail

Specified minimum oil o fluid film thickness
Acceleration due togravity = 3864 inch s *
Shaft'sRPM = 750 rpm

Eficency o oilor fluid pump = 0.7

Joulean heat equivalent = 778 x 12 = 9336 inch Ibf BTU"
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input relations for the proviem:
- gy - 2% () por e

F = Load carrying capacity o the oil film = %’“

(36)

Py = Powerloss due tofiction = Heat gainedby the il = 9336y;,QoSoATo inch lb 5™
AT, = Temperatureiseof theal = 2(10 - 560) 'F
loglog (8112 x 10° x , + 08) - Cio’

E = The exponent

o

o= Tttt - () (02 10%) BB
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Hhe problem design inequality constraints to satisfy:
» = Bearing load carrying capacity s tobe at east equal to the generator's weight = F - W 20
Ca. = Ol supply pressureat theinlet should, at most, equal the maximum pressure = py, = po 20
C... = Maximum permissible it of Oiltemperature ise = ATo, ~ ATo 20
Condition for minimum fluid o oilfilm thickness = o i 20
‘Maximum permissblelimitof recess diameter = R - Ry 20
Cux = Flow of fluid oroilis should be laminar and the exit & entranceloss o pressure must be wthin—

v QY
!71’0(2"&7!()) =
*

= Assumed average pressure limit to avoid surface damage{75] = 5000 -

the 0.1% of the total pressure drop or pressure loss

(R

33
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Ry = [1,16] inch, Ry = [1,16] inch,
11,16) inch’s

Specified mtervals of designing varisbles (ali are continuous varisbics):
39

. (10%)

1,16] Ib s inch
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Des igning variables intervals:

T = Variable (discrete) in the multples o 0.0625 = [1 x 0.0625, 99 x 0.0625] inch

Ty = Variable (discrete) i the multiples of 00625 = [1 x 00625, 99 x 0.0625] inch.
R, = Variable (continuous) = [10,200] inch.
‘Variable (continuous) = [10, 200] inch.

(39
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Designing variables (to optimize):
(T T R Ls]

Objectivefuncton (to minimize):

W(3) = (3.1661T Ls + 19.84T°R, + 0.6224T R, Ls + 17781 R,%) US$

37
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the problem design inequality constraints to satisty:
1. = Condition forstressallowableincylindricalshell = T ~ 00193R, 20
Cur = Condition forstresallowablein hemispherical heads = T ~ 0.00954R; 20 9

Cuc = Vessel'sminimum condition = 7R/*Ls + 37R," - 129600020
Ca. = Limitation of length of rolled material plates = 240 — Ls >0
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Designing variables (to optimize):
= [Hy Cy Fy my Fr Fu N™]
Objective function (to minimi
PN 14 R (H)\ (p(H) P
weea-a St (SE)(E)

RO (22O ggor (101 (2
e | rom

¥
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‘The problem design inequality constraints to satisly
Cu “1<0, G =229 100, cu-1-0-1<0,

n 3
Cuo = Re(H) - 1200, Cu, = Re(H) - 10° <0, Co, = Re(C)~ 12050,

~0.134>0,

Fi)f 004150,

~on21<0,

“F

= Ap(H) ~9500<0, Cire = AP(C) - 80050,
=2t 4 N (2Fy + 20} - 150

@)
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Problem’s constantinputs:
Minimum of the vessel = 750 x 1728 inch”
Maximum allowablestress for vessel material = 157532 psi (40)
Jointefficiency for vessel = 1
Working pressure of vessel = 3000 psi
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Input relations for the problem: N
Su & Sc = Hot & cold fluid heat capacity ate = H, Sy & Gy WK respectively
Spae & Sy = Maximum & minimum heat capacity rate) = max (S Sc) & min(Su, S) WK respectively

S, = Ratioof the minimum to maximum heat capacity rate = :“

Hpr & Cpr = Free flow areafor the hot & cold fluid = (Fy ~ Fr) (1 n Fr)JCUN™ &
(Fu = Fr) (1= ngFr)Hy (1 + N*) e respectively
Hiy &C, = Heattransfer area for hot & cold luid) = H,C,N"™ (1 + (2ny (Fy ~ Fr))) &
HLCL (N 4 1) (1 + (2 (Fy ~ Fr) m respectively
A = Total heattransferringarea = (H + C.) m.

Re(H) & Re(C) = Reynolds number for the hot & cold fluid &‘H‘" & (Cimdgn

d(h):Bmhﬁmdi'hydnu].\cdnmemr(lurﬁnsp-anp,: ! F,)

sy (F = Fr)Fuy
2(ssFu+ (Fn ~ F)Fu+ (F - FOFD) + Frs

o
JCH)/(C) = Colbun coeficient (hot/cold i), fora = (m)

022} = (£)) -ty sy

respectively

Fu
[1453 5107 (Re(H)/Re(0)) a5y 5]
f(H)/ (C) = Fanning friction factor (hot /cold fluid) = 9.6243 (Re (H) Re(C)) ™
[147.7 % 107 (Re(H)[Re(C)* a5y 2]
2f (H)HL(
H,d(h) Cyd(h)

casegoas oz

AP(H) & Bp(C) = Fricional resare dropof te ot & cold fuidlw =
respectively
(H) & K(C) = Convective heat transfer coeficent (hot & cold fluid) = j (H)Syu (mu,,v’:_~ &

J(©Se m(cu*c% WK respectively
Hyo & Cp = Hot&cold luidoutetpessures = (- Ap (H)) & (Cp - 3p(C) Pa respectvey
'
T st i - ( i . Yo )
"\ S (Pr(H) " HoHy (0, (Pr(C) "= CuCa

e = Efectivenessof theheat exchanger = 1 - e[ (0¥ ")1]]
Qus = Heattranserrateconsiderng both th flidsar unmixcd = S (H, - C,) W

SV i S N

H,

G ‘(fm S —c,.») K respectively

i) ree(E) |

(3)
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Designing variables (to optimize):
2 = B my Z Ly L Dy Dol
Objective function (1o minimize): 9
¥(R) = 07854Bm? (LIIZ; 1 1493347, - 43.095) - LSOSB(Dy’ + D7)

47.477(Dy* + Do) + 0.7854 (LoD, ? + LuDy
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Speafied intervals of designing variables:

Variable (continuous)
i height = Variable (continuous) = [0.002,0.01] m
Frequency of fin = Continuous variable = 100, 1000] "

Fr = Thickness of thefins = Continuous variable = 0.0001,0.0002) m
Finlance length = Continuous variabl

@3
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Constant inputs for the proviem:
i Hot & cold luids'mass low rates = 1.6 & 2 kgs”! respectively
17315 & 473,15 'K respectivly

Hiy & G, = Hot & cold fluids inlt temperatures = 900 & 200 °C =
Hy. & C,y = Hot & cold flidsinlet pressures = 160 & 200 kPa respectively
S & Sy = Specifichat of hot & cold fluid at constant pressure = 1122 & 1073 kg™ K™ respectively
'H, &C, = Hot & cold flids’ mass densities = 0.6296 & 0.9638 kg respectively

H, & C, = Hot &cold fluids'dynamic vscosities = 0.0000401 & 0.0000336 N * respectively.
Pr(H) & Pr(C) = Hot & cold fluids'Prandile numbers = 0.731 & 0.694 respectively
R (H) = R (C Hot & cold fluid specifc gas constant = 287,04 Jkg 'K
AP () & AP(C)oe, = Maximum pressure drop for the hot & cold fluid = 9500 & 800 Pa respectively
late thickness) = 0005 m, Qi = Heatdaty) = 1069.8 kW
I % bug % hye = Dimensional limits of the heat exchanger = 1 m x 1 m x 1 m

(44
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ihe problem design inequality constraints to setisfy:

G- Bedingsrescondionengeriet o 150

Ca. = Surface compressive stess condition on both pinion andgear

Cu

Limitation on gear shaft transverse deflection under transmitted load

(;‘5"') 4169 10°
s = Conditon fordevloped stes i pinion shaft = ~N s 15 0

(”5"-)'. 1575 % 10°

Cex = Condition for ingearshafts NIy
Cu = Condition for developed stressn gear shaft e 0

)

muZy

“1s0

G = Limitation on pitch circle diameter of pinion

of relative face width

Ca = Condition forlower

Cox = Condition for upper limit o reative face width
15Dy 419

Cio. = Dimensional condition for inion

Cive = Dimensional condition for gear =
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B=(26, 36| am, my = (0.7, 08]am, Zp = [17, 28] (integervariable),
173, 83)cm, Le=[7.3, 8.3] em,

()

Spediied tervals of designing variables: }

5]

(2.9, 3.9] em, Dg = [5.0, 5.5] cm
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" of(3), /3 < v < 2/3, (Axial flight)
of(4), 1% < 1/3, (Diagonalflight) as)
of(5), r% >2/3 (Omnidirectional flight),
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w _ | s 05 — Guided foraging strategy

a6
"G = | otherwise — Territorial foraging strategy,
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Designing varisbles intervals : X, € {0, 1}, X; €1{0,1,2,3} and
Ty = Variable(discrete) in the multplesof 00625 = [0.0625,20]inch.
W = Variable (discrete) inthe multiples of 00625 = [2.0,20.0] inch.
Variablediscrete) in the multplesof 0.0625 = [0.0625,20]inch.
rariable (continuous) = [1.0, 10.0] inch.

as)
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Designing variables(to optimize):

X = (X X Ty W Ty )
Objective function (to

W(E) = (14 R)(X,W + DTo? + RRWTs(L+1)

a)

imize):
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‘The problem design inequality constraints to satisfy:

Cix = Induced bendingtress condition i the beam~—

s Sy = 5, =050

Condition forcritical bucklingload n lateral direction

F-Fas0

C;. = Maximum deflection of the beam = &, ~ £puc <0

‘Maximum limit of generated shear sress inthe welding
T -0.5770<0

as)
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Constant inputs for the prodiem:
S = Maximum limit of bendingsress
Fre = Maximum limit of shear stress = 0.5770
Masimum imitof deflection = 0.25 inch.
Modulus of elastcityof beam material = 30 x 10° psi (20)
G = Modulusof rigdityof beam material = 12 x 10° psi
L = Hanginglength of the beam from s igid support end = 14 nch.
F = Constant perpendicularload concentrated a th free end of the beam

6000 b

0,000 psi
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Input relations for the problem.:
o, = Induced bendingstress n the beam = %

" AT (W)
My = Bending moment developed atthe supportend = F(L + 0.51)
:) ‘(w.‘r») o,

= Torsional radius of the weld = (

BN g e

Polarmomentof ineiaof theweld = V2 Tl 15+ LW e, <o,

Ty + WY (T 41
T} i, o]

[nw,

c.,;y:A for i =0,

e

1
2 if1<W, forX, =1,

w
=2 otherwise, for X, =
P

Secondary shearstrssdeveloped in the weld =

ry or 7, = Resultant shear stressin the weld = 73 + 72 + 27,7,Cosy.

AL
= Axial deflectionof thelbeam = -0

e
Fu = Bean's critcal load forateral buckling with respect toan axis parallel-

sy - SO (W B

(@
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Designing variables (to optimize):
X = ldox dvy B]
Objectiv function (to minimize):

W(x) = (710,B(dpxTon + donToy + dog'Tox' + dox'Ton")) kg

@)
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Constant inputs for the probiem:
Rox = RPMof the 1* i the driver pulley = 1000 rpm
Ro = RPMof the 2* i the driven pulley = 250 rpm

Row’ = RPM o the 3* pulley = 500 rpm
Ron’ = RPMof the 4° pulley = 500 rpm
Flatbelt'sthickness = 1 cm

Maximum tensile tressimit n theflat  belt = 30 kgom ™
Mass density of the material of the pulleys = 7.2 x 10 kgem™
at ~ beld’s tension n the tight — side = in kg.f
Flat - bl tensionin the slack - side = in kg /
Power to be transmitted = 10 hp = 10 x 75 kgms

@3
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Input retations for the protiem:
T = Thicknessof the 1° o drivr pulley = 0.1 x dpg cm
T = Thicknessof the 2 or driver pulley = 0.1 x doy cm
Tox' = Thicknessof the 3" pulley = 0.1 x do’ cm
Ty = Thickness of the 4* pulley = 0.1 x do’ cm
Vi = Tangential velocity of the 1"ordriver pulley = ndiy Ry crmin”*
Vi = Tangentialvelocity of the 3" pulley = g’ Rox’ crmin”

dpaRon = ndog'Rox' = din’ = 2
Vo = Tangential velocity of the 2*or driver pulley = mdpw Roy cmmin”' @6
Vox' = Tangentialvelocity of the 4" pulley = doxRow cmumin
p, oRon = 1o Ko = do’ =05
FS = Tension (slack side to tight side) ratio of the flat — belt = 0.5
Pap = Poverto b transmittd by thebel - pulley drive system = (Fr ~ )

sy o)

o) - 10x 75 kgms! = Fr
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ihe probiem design mequality constraints to satisty:
G = Inducedenslestess conditonin the lat bt
== 7= = Bl ~3819720
Ca. = Condition on the width of the puleys.
0.25d s — B = dps — 4B>0

(@)
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Specified intervais of designing variables:

dor 15,25] om o
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Specitied intervals of designing variables:
D = Varible(continuous) = 06, 0] inc:

dy = Variable(discrete) = [0.2,1.0] = [0.207,0.225,0.244, 0.263~ (29)
0.283,0.307,0.331,0.362, 0.394, 0.4375,0.500] inch.

Integer variable = [1,70]

N
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Designingvariables (to optimize):
x = = (Do dN]
Objective function (to minimize): (27)

¥(x) = (%W’n(,m + z») inch
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Ihe probiem design inequality constraints to satisty:
_85FmDo

S

Cus = condition of Maximun shearstressinduced inthe spring 20

(L) = €~ LOS(N + 2y 20
‘Minimum wire diameter condition = diy ~ di e >0
= Condition of maximum mean diameter of winding coil

= Dy Do - dy 20
. = Coi'smean winding diameter o vire diameteraio = 22— 32 @9

Ca. = The spring’s maximum permitted preload deflection = €, - €520
s = prngeclengh cerioniathe prosdedconioon

e () s o

C, = Condition on the deflection between preloaded and -

—maximum working load postions = (
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rand perm (k)
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Equa

1 Yo = cos( cos”! (y,)) 11
’ Yuor = mod (y, + ko = $sin@my,), 1), ki =05 and ky = 0.2 o1
5 Gauss/mouse 0 =0 ©, 1)
ot =1 ned (l, 1), otherwise
Y

4 Iterative Y =i, k 11
5 Logistic Yo =kip (-3 k=4 o1
6 Piecewise % 0y, <ks 1

Yu=ks

05Tk fosn<os -

Yunr = > ey
1-ks—y,
R 0SSnc<iohk
1-kssy, <1
7 Sine Yt = sin(y,) o 1
8 Singer Yunr = ki (7.86y, - 23.31y,% + 28.75y,° - 13.302875,"), ki = 1.07 (0, 1)
9 Sinusoidal Yusr = 2.3y, sin(7y,) (©, 1)
10 Tent Yu <07 [(UB))
07 TemS
Yuor = B

10
5 1-y)  y207

Performance test of chaotic maps

Chaotic map Algorithm Best ¥(X')min Mean ¥(X)min Worst ¥(X) min

1 Chebyshev Ch-AHA 605971506307 608022161518 611251453126 2133581363
3 Circle Ci-AHA 6059.71540653 6064.16574142 6079.23641528 12.43053514

3 Gauss/mouse Ga-AHA 6059.71428898 606142834218 6078.82450722 9.03241345
4 Iterative ILAHA 6059.72401503 609920811139 6397.33492236 7664510829
5 Logistic Lo-AHA 606071461924 608202661744 608942311838 2020278316
P Piccewise Pi-AHA 6059.73024132 6185.66340962 6359.18940855 104.55784628
| Sine Si-AHA 05972901217 17999675156 637946643322 10933466803

Singer sn-AHA 6059.71439182 607522167824 | so9a0a8s1910 2255321643

B | Sinusoidal Ss-AHA 605971440836 608644339162 | sosassosisiz 2938940635
10 Tent Te-AHA 605971914474 617728756974 | 631620063428 7081784206

1 - AHA 605971436139 617747132208 6319.63914249 73.01346180
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