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A B S T R A C T  A R T I C L E  H I S T O R Y 

 

Prestress optimization is a critical step in the structural design of suspen-dome, often requiring extensive and time-

consuming iterative computations. This study proposes a hybrid framework that integrates the NSGA -III algorithm with 

machine learning-based surrogate models to address the prestress multi-objective optimization problem of suspen-dome. A 

comparative analysis of three machine learning algorithms—Deep Belief Network (DBN), Sequence-to-Sequence 

(Seq2Seq), and Backpropagation Neural Network (BPNN)—is conducted to evaluate surrogate modeling performance. The 

multi-objective optimization considers four objective functions, and the NSGA-III algorithm is employed to effectively 

obtain the Pareto front. The optimal solution is selected using multi-criteria decision-making, and a case study is presented 

to validate the accuracy and efficiency of the proposed method. Results show that the BPNN-based surrogate-assisted 

optimization achieves the best overall efficiency. The introduction of surrogate models reduces computation time by 95% 

while maintaining optimization performance comparable to traditional finite element analysis (FEA)-based methods. 
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1.  Introduction 

 

The suspen-dome, as recommended by Kawaguchi et al.[1], is a hybrid 

spatial structure consisting of an upper single-layer shell and a lower cable-strut 

system. The suspen-dome structure is extensively applied in large-span projects, 

including stadiums and airports, due to its high structural strength and low self-

weight[2-4]. 

After applying prestress, the lower cable-strut system can significantly 

improve the integral structural performance, enhancing the structure’s stability 

and load-carrying capacity [5]. For the cable-strut system, optimization is 

usually carried out in terms of minimizing construction costs, reducing self-

weight, and optimizing stiffness[6,7]. However, how to design the prestress to 

achieve these optimization objectives simultaneously remains a challenging 

question, and this problem is currently addressed mainly through optimization 

algorithms and finite element iterations. Kitipornchai et al.[8], through the 

prestress design, systematically considered geometric imperfections, 

asymmetric loads, span ratios, and connection stiffness to study the buckling 

problem of the structure. Zhang et al.[9] studied the effect of prestress on the 

maximum displacement and critical load-carrying capacity of the structure 

through numerical simulation of the cable in the lattice shell structure but did 

not optimize the prestress. Kang et al.[10] devised a particular annular suspen-

dome structure . The prestress of different loop cables is optimized using a 

genetic algorithm, enhancing the overall stability of the structure. However, this 

approach is only suitable for relatively simple structures. Liang et al.[11] 

recommended a structural prestress optimal model, converting multi-objective 

optimization into single-objective optimization, thus addressing the 

collaborative optimization of multiple objectives, but this method is highly 

subjective. Kaveh[12] used the ECBO algorithm to settle various optimization 

problems related to the geometry, size, and prestress of suspen-dome, 

significantly improving structural performance and economy, although the 

computational efficiency was relatively low. Olofin[13] replaced the steel 

cables of the suspen-dome structure with carbon fiber-reinforced polymer 

(CFRP) for prestress design, which proved to be highly effective. 

In the past few decades, the handling of multi-objective optimization 

problems has become increasingly important, especially the issue of balancing 

different objectives[14,15]. Ishibuchi[16] studied multi-objective optimization 

algorithms and used evolutionary-based optimization algorithms to solve multi-

objective optimization problems, achieving a dynamic balance among multiple 

objectives. Ma et al.[17] recommended a multi-objective optimization method 

for the prestress optimization of cable-strut structures, balancing cross-sectional 

area, stiffness matrix eigenvalues, prestress variance, and prestress error. 

However, this method requires significant computational power. Chen et al.[18] 

successfully optimized feasible prestress patterns of cable-strut structures using 

a multi-objective particle swarm algorithm, greatly improving efficiency, 

though it mainly applies to simple structures. In multi-objective optimization, 

the Pareto optimal solution set represents a collection of non-dominated 

solutions that achieve a balance among multiple objectives. Whereas, in 

company with the dimensionality of optimization problems increases, 

frequently used algorithms like NSGA-II[19] and SPEA2[20] encounter 

multiple challenges[21,22], and most algorithms are difficult to deal with four 

or more objectives effectively. To tackle these challenges, researchers have 

recommended upgraded Pareto-based optimization methods and new algorithm 

designs[23], which help to better explore the Pareto frontier[24]. This 

guarantees decision-makers to more comprehensively assess solutions 

multiplicity and scope, permitting them to opt for the optimal solution that best 

meets their demands [25]. NSGA-III[15] improves the multiplicity and 

uniformity of solutions by introducing evenly distributed reference points, 

especially effective in high-dimensional spaces, reinforcing the scope of the 

Pareto front and maintaining a uniform allocation within solutions. 

With the advancement of computer technology applications, machine 

learning has also profoundly impacted traditional engineering fields[26]. Its 

powerful predictive capabilities have been widely applied in fault prediction for 

structural health monitoring[27] and material property prediction[28]. In the 

design field, machine learning is used for automated generation[29] and 

optimization of design schemes[30]. Additionally, real-time data learning is 

employed to adjust control strategies[31]. Furthermore, optimization based on 

machine learning surrogate models has been widely applied, significantly 

improving optimization efficiency. Li[32] proposed a surrogate model 

optimization algorithm that combines the low computational cost of surrogate 

models with the rapid convergence of Bayesian algorithms, showing strong 

applicability. Zhou[33] utilized machine learning algorithms to establish a 

substitute model and perform optimization, greatly enhancing optimization 

efficiency. 

This research proposes a multi-objective prestress optimization framework 

by integrating NSGA-III with machine learning. The remainder of the paper is 

organized as follows: Section 2 outlines the multi-objective prestress 

optimization problem. In section 3, a brief description of NSGA-III 

optimization algorithm and three surrogate models based on machine learning 

is given. Section 4 conducts a case analysis of two different configurations of 

the suspen-dome, and Section 5 provides a summary of the conclusions. 

 
2.  Framework 

 

2.1. Objective function 

 
2.1.1. Vertical displacement 

The prestress of the suspen-dome structure directly affects the structural 

stiffness and the selection of cross-sections. Under normal operating conditions, 

the optimal prestress state should keep the structural stiffness within an 

appropriate range. Excessive prestress can lead to overly high stiffness, 

resulting in material waste, while insufficient prestress can increase deflection, 

affecting the structure's normal performance. Therefore, the maximum vertical 
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displacement is generally used to measure the structural stiffness, and the 

objective function is expressed as follows: 

 

𝑓1 = min(|uz|max) (1) 

 

where uz denotes the maximum nodal vertical displacement. 

 

2.1.2. Horizontal displacement 

The lower cable-strut system of the suspen-dome can balance the support 

reactions of the upper single-layer lattice shell. To reduce construction costs, 

the radial constraints of the structure are usually released. Under the action of 

prestress, radial displacement will occur at the structural supports. The radial 

displacement at the supports of the suspen-dome is set as the optimization 

objective function, and its expression is as follows: 

 
𝑓2 = min (|ux|max) (2) 

 
here, ux denotes the maximum displacement of the support node. 

 

2.1.3. Steel quantity 

For the structural system, minimizing the amount of steel used can reduce 

the structure's self-weight, thereby enhancing overall performance and economy. 

By reasonably controlling the amount of steel, it is possible to achieve optimal 

economic benefits while meeting the comprehensive requirements of structural 

load, material strength, and design constraints. Therefore, optimizing the steel 

usage in the lower cable-strut system of the suspen-dome is an effective strategy. 

The objective function is expressed as follows: 

 

𝑓3 =min( ∑ 𝜌𝐴𝑖𝐿𝑖

𝑛

𝑖=1

) (3) 

 

where 𝝆 denotes the material density, Ai represents the cross-sectional area, and 

Li represents the element length. 

 

2.1.4. Strain energy 

The minimum strain energy of the suspen-dome is crucial in design. By 

minimizing strain energy, the integral energy consumption of the structure can 

also be significantly reduced, thereby lowering energy loss during actual use 

and achieving a more sustainable architectural design. The objective function is 

expressed as follows: 

 
𝑓4 = min (𝐸)  (4) 

 

where E is the total strain energy of the structure. 

 

2.2. Constraint conditions 

 

Based on the above optimization process, there may be solution sets that do 

not meet the constraints. Therefore, it is necessary to establish constraint 

conditions, assigning a lower rank to solutions that fail to satisfy these 

constraints. By setting appropriate constraints, a solution set that meets the 

specified conditions can be obtained. 

 

2.2.1. Displacement limit 

Displacement limit conditions are key restrictions to undertake the safety 

and normal operation of the structure. By setting the maximum allowable 

displacement of the structure or its components under extreme conditions, 

damage can be prevented, and the stability and reliability of the structure can be 

guaranteed. According to reference [34], the specified limits are as follows: 

 

umax ≤ H 250⁄  (5) 

 

where umax denotes the maximum deflection value. 

 

2.2.2. Stress condition 

The struts supporting the upper dome structure are under compression, with 

the maximum compressive force not exceeding the ultimate load-bearing 

capacity. Additionally, a partial factor of 0.5 is applied to the cables, meaning 

the cable force should not exceed 50% of the cable’s ultimate load-bearing 

capacity [34]. Additionally, it must be ensured that the cables do not experience 

slack, i.e., the cable force must be greater than zero. The expressions are as 

follows: 

 

{
0 < σt < [σt]

-[σc] ≤ σc ≤ 0
 (6) 

where σt and  σc represent the stresses in the cable-strut structure, and [σt] 

and [σc] represent their ultimate stresses. 

 

2.2.3. Strut stability 

As compression members, the struts must ensure their stability under axial 

pressure. By introducing the coefficient 𝜑, the stability of the struts can be 

effectively guaranteed, preventing buckling. The expression is as follows: 

 

𝜑 =
𝑁

𝐴 × 𝑓
 (7) 

 

where 𝜑 is the stability coefficient, N is the axial force, A is the cross-sectional 

area, and 𝑓 is the design compressive member’s strength. 

 

2.3. Multi-criteria decision analysis 

 

By performing multi-objective optimization on the above four objectives, 

the Pareto front can be obtained. The Pareto front consists of a set of competing 

solutions, where each solution outperforms others in certain objectives but may 

perform worse in others. Since the solutions on the Pareto front cannot be 

directly compared across multiple dimensions, a method is needed to 

comprehensively consider the importance of different objectives and select the 

optimal solution. To this end, this paper adopts the Analytic Hierarchy Process 

(AHP).  

Step1: Decompose the decision-making problem into three levels: the goal 

level, the criteria level, and the alternatives level. These correspond to the final 

objective of the decision, the standard influencing the decision, and the 

alternative options for decision-making, respectively. 

Step2: According to the degree of importance, use a scale of 1 to 9, where 

a higher number indicates greater importance; use this to construct the judgment 

matrix. 

Step3: Based on the judgment matrix, use the eigenvector method to 

compute the relative weight of each criterion. 

Step4: The Consistency Ratio (CR) is used to ensure the logical 

consistency of the judgment matrix in pairwise comparisons, thereby improving 

the reliability of weight assignments. The steps for calculating CR are as follows: 

first, the largest eigenvalue (λmax) of the judgment matrix is determined through 

eigenvalue decomposition; then, the CR value is calculated using formula. If the 

CR value is less than 0.1, the consistency of the judgment matrix is considered 

acceptable, indicating reasonable weight assignments; if the CR value is greater 

than 0.1, the judgment matrix needs to be adjusted. Calculating CR ensures the 

scientific rigor and consistency of AHP in multi-criteria decision-making. 

 

𝐶𝑅 =
𝜆𝑚𝑎𝑥 − 𝑛

(𝑛 − 1) × 𝑅𝐼
 (8) 

 

Step5: For each solution, calculate the overall score based on the product 

of weights for all criteria, as follows: 

 

𝑆𝑗 = ∑ 𝜔𝑖𝑎𝑖𝑗

𝑚

𝑖=1

 (9) 

 

where wi is the weight of the i-th criterion, and aij is the score for that criterion. 

Step6: Select the solution with the highest score as the final decision. 

 
3.  Prestress optimization framework based on surrogate model 

 

The use of external finite element analysis includes both online and offline 

approaches. In the former, optimization iterations directly call the external finite 

element program for calculations and return the analysis results to the optimizer. 

This approach offers high accuracy but incurs significant computational costs, 

potentially resulting in a lengthy optimization process, especially as each 

iteration requires considerable time to run the external finite element solver. 

In offline analysis, multiple finite element analyses are conducted in 

advance, with the results stored in a database or neural network surrogate model 

before optimization begins. During optimization, this database or model is 

accessed to predict responses under new conditions, eliminating the need for 

real-time finite element calculations. This method is computationally efficient, 

though accuracy may be limited by the quantity and scope of prior analyses. To 

simplify computations, this study has trained a highly accurate neural network 

surrogate model to streamline analysis. By inputting the structure’s prestress, 

the model outputs internal forces and displacements to predict structural 

responses. Additionally, a multi-objective algorithm is introduced into the 

surrogate model to optimize the prestress of the cable-dome structure. 
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3.1. Machine learning 

 

3.1.1. DBN 

Deep Belief Networks (DBN) are a sort of deep learning model composed 

of numerous layers of Restricted Boltzmann Machines (RBM). They were 

recommended by Hinton et al.[35] in 2006. DBNs can effectively learn deep 

feature representations of data through unsupervised, layer-by-layer pre-

training. These features can then be utilized for assignments such as 

classification and regression, allowing DBNs to reveal hidden, hierarchical 

structural information within the data. 

Fig. 1 and Fig. 2 illustrate the core structure of a DBN, which includes a 

visible layer and multiple hidden layers. Each pair of layers is connected by an 

RBM. The visible layer is responsible for receiving input datum, whereas each 

hidden layer processes more abstract representations of data. Multiple RBM 

layers followed by one or more backpropagation layers are used for fine-tuning. 

During the training of a DBN, each RBM layer is trained sequentially, utilizing 

the output from the prior layer as its input to learn higher-level features of the 

data. After training is complete, the DBN is fine-tuned through added 

supervised learning layers to enhance performance for specific tasks. In the final 

layer of the DBN, a BP (Back Propagation) network is set up to accept the output 

characteristic vectors from the RBMs as its input feature vectors and is trained 

in a supervised manner to form the neural network. 

 
𝐸(𝐸(𝑉, ℎ) = − ∑ 𝑎𝑖𝑉𝑖

𝑖

− ∑ 𝑏𝑗𝐻𝑗

𝑗

− ∑ 𝑉𝑖𝑊𝑖𝑗𝐻𝑗

𝑖,𝑗

) (10) 

 

In this context, 𝑉 and 𝐻 represent the nodes in the visible and hidden 

layers, respectively, 𝑎𝑖  and 𝑏𝑗  are the bias terms, and 𝑊𝑖𝑗 represents the 

weights between nodes. The training of DBNs involves using this energy 

function for layer-by-layer pre-training, followed by possible fine-tuning during 

a subsequent supervised learning phase. Thus, DBNs can capture complex 

features and patterns in data, possessing powerful predictive and classification 

capabilities, especially in scenarios involving large volumes of unlabeled data. 

As technology advances, the potential of DBNs in handling complex data 

analysis tasks is continually being explored. 

 

  

Fig. 1 Proposed architecture of the restricted boltzmann machine 

(RBM) 

Fig. 2 Hierarchical flowchart of the deep belief network (DBN) 

training process 

 

 

3.1.2. Seq2Seq 

The Seq2Seq model was introduced in 2015 by Vinyals and Le[36]. The 

design concept involves two RNN (Recurrent Neural Network) components, an 

encoder and a decoder, to handle varying input and output sequences. The 

encoder is accountable for transforming the input sequence into a fixed-length 

context vector, while the decoder yields the target sequence based on this vector. 

The core architecture is shown in Fig.3. 

Encoder: ℎ𝑡 = 𝑓(𝑥𝑡, ℎ𝑡−1), where ℎ𝑡  is the hidden state at time step𝑡, 

and 𝑥𝑡 is an element of the input data. 

Context Vector: 𝑐 = 𝑞({ℎ1, ℎ2, … , ℎ𝑇}), where T is the length of the input 

data, and the function q is usually taking the last hidden state. 

Decoder: Given the context vector 𝑐 and all previous outputs 𝑦1, … , 𝑦𝑡−1, 

it generates the next output 𝑦𝑡 . The initial input is set as 𝑠0 = 𝑐  and the 

sequence is generated step by step according to the following recurrence: 

 
𝑠𝑡 = 𝑓(𝑠𝑡−1, 𝑦𝑡−1), 𝑦𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊0𝑠𝑡 + 𝑏0) (11) 

 

Encoder: In the encoder, each input symbol 𝑥𝑡 is embedded into a vector 

𝑒𝑡 = 𝐸𝑚𝑏𝑒𝑑(𝑥𝑡) ∈ 𝑅𝑑, and passed into a recurrent structure to compute the 

hidden state recursively: 

 

ℎ𝑡 = Ф(𝑊𝑥𝑒𝑡 + 𝑊ℎℎ𝑡− + 𝑏ℎ)，t = 1,2, ⋯ , T (12) 

 

where 𝜙(⋅)is a nonlinear activation function, 𝑊𝑥 , 𝑊ℎ  are weight matrices, 

and 𝑏ℎ is a bias term. The final hidden state ℎ𝑇 is regarded as the compressed 

representation of the entire input sequence, namely the context vector 𝑐 = ℎ𝑇. 

The decoder begins from the initial state 𝑠0 = 𝑐, and at each step, it takes 

the output from the previous time step as input to generate the current hidden 

state and output probability distribution. Specifically, the input symbol at the t-

th decoding step is 𝑦𝑡−1 , which is embedded as  𝑒𝑡′ = 𝐸𝑚𝑏𝑒𝑑(𝑦𝑡−1), The 

hidden state is then updated as: 

 
𝑠𝑡 = Ф(Wyet

‘ + Wsst− + bs) (13) 

 

Subsequently, the model computes the predicted probability distribution for 

the current step using a linear transformation followed by a Softmax function: 

 

𝑦̌𝑡 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(Wo𝑠𝑡 + 𝑏𝑜) (14) 

 

where  𝑦𝑡 ∈ 𝑅𝑉, represents the probability distribution over all words in the 

target vocabulary, and V is the vocabulary size. 

The output sequence is generated in an autoregressive manner. During 

training, the ground-truth token yt−1 (rather than the model’s prediction) is fed 

as input to the next time step (teacher forcing). The model is trained to maximize 

the conditional probability of the entire target sequence, which corresponds to 

minimizing the negative log-likelihood loss: 

 

𝐿 = − ∑ 𝐿𝑜𝑔𝑃(𝑦𝑡|𝑦1, ⋯ , 𝑦𝑡−1, 𝑥)

𝑇‘

𝑡=1

 (15) 

 

The conditional probability at each step is determined by the Softmax output: 

 

𝑃(𝑦𝑡|𝑦<𝑡, 𝒙) =
𝑒𝑥𝑝(𝑊𝑦𝑡

𝑠𝑡)

∑ 𝑒𝑥𝑝(𝑤𝑗
𝑇𝑠𝑡)𝑉

𝑗

 (16) 

 

The Seq2Seq model, through its encoder-decoder structure, models the 

conditional mapping from variable-length input sequences to variable-length 

output sequences. It constitutes a sequence of stateful nonlinear transformations 

and nested probabilistic prediction processes. 

The Seq2Seq model is highly flexible and can handle input and output of 

any length, making it adaptable to various data types. However, it faces 

challenges such as a heavy burden on the decoder, which must recover all output 

information from a single fixed-length vector. Additionally, training the model 

is complex, especially prone to issues like gradient vanishing and explosion in 

long sequences. Moreover, its high computational demands can limit its use in 

resource-constrained environments.   
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Fig. 3 Illustration of the encoder-decoder architecture in Seq2Seq modeling 

 

3.1.3. BPNN 

The Backpropagation Neural Network (BPNN) is a sort of multilayer feed-

forward neural network introduced in 1986 by Rumelhart et al.[37]. The training 

of a BPNN is conducted using the error backpropagation algorithm. This pro-

cess primarily involves the optimization of a nonlinear objective function. The 

BP network employs numerical optimization methods to adjust weights, utiliz-

ing not only the first-order derivative information of the objective function but 

frequently also the second-order derivative information. 

The structure of the BPNN is shown in Fig.4 and can be uniformly de-

scribed as: 

 
𝑓(𝒙(𝒌+𝟏)) = min 𝑓(𝒙(𝒌) + 𝜔(𝑘)𝑆(𝒙(𝑘)))) (17) 

  

𝒙(𝑘+1) = 𝒙(𝑘)(𝜂)
+ 𝜔(𝑘)𝑆(𝒙(𝑘)) (18) 

 

where 𝒙(𝑘+1) represents the vector consisting of all weights and biases of the 

network; 𝑆(𝒙(𝑘)) is the search direction in the vector space formed by the com-

ponents of 𝑥; 𝜂(𝑘) is the step length in the direction of 𝑆(𝒙(𝑘)) that mini-

mizes 𝑓(𝒙(𝒌+𝟏)). 

Thus, the optimization of network weights can be divided into two steps: 

first, determine the best search direction 𝑆(𝒙(𝑘)) for the current iteration, and 

then seek the most optimal iteration step length in this direction. 

 

 

Fig. 4 BPNN Training flowchart 

 

 

Fig. 5 Architectural diagram of the backpropagation neural network (BPNN) 

 

Fig. 5 introduces the general architecture of BPNN, BPNN is an artificial 

neural network model used for supervised learning. It calculates output values 

through forward propagation and adjusts the weights and biases in the network 

using a backpropagation algorithm, gradually bringing predictions closer to 

actual values. The structure of BPNN includes an input layer, one or more 

hidden layers, and an output layer. The input layer receives feature data, the 

hidden layer transforms features through neurons and activation functions, and 

the output layer generates the prediction results. In the forward propagation 

phase, input data flows from the input layer to the output layer, with each neuron 

computing a weighted sum and generating output signals through an activation 

function. In the backpropagation phase, the error between the output value and 

the target value is calculated, and this error is propagated back layer by layer 

from the output layer to adjust the weights and biases in each layer, gradually 

reducing the error until the network converges. 

 

𝛼ℎ = 𝛴𝑖=1
𝑑 𝑣𝑖ℎ𝑥𝑖 + 𝜃ℎ (𝑖 = 1,2, … , 𝑑; ℎ = 1,2, … , 𝑞) (19) 

 

From the hidden layer to the output layer: 

 

𝛽𝑗 = 𝛴ℎ=1
𝑞

𝑤ℎ𝑗𝑏ℎ + 𝜃𝑗  (𝑗 = 1,2, … , 𝑙; ℎ = 1,2, … , 𝑞) (20) 

 

Back propagation is to modify the network parameters by computing the 

error between the output layer and the expected value, so as to the fault gets 

smaller. The calculation error formula is as follows: 

 

𝐸 =
1

2
Σ𝑘=1

𝑙 (𝑦𝑘 − 𝑇𝑘)2 (21) 

 

3.2. Multi-objective optimization algorithm 

 

Although traditional prestress optimization algorithms based on finite 

element analysis are widely used, they consume considerable time and resources, 

and they often struggle to balance safety and economic efficiency. As the 

complexity of prestress optimization design increases, so does the number of 

objectives that need optimization. In practical engineering, achieving an optimal 

balance among multiple, often conflicting, objectives is essential. By using 

multi-objective optimization algorithms, the Pareto frontier and non-dominated 

solution selection can help identify the best trade-offs among objectives, 

effectively addressing these challenges. This paper employs three improved 

multi-objective optimization algorithms to compare their effectiveness in 

solving the aforementioned multi-objective optimization problems. 

NSGA-III (Non-dominated Sorting Genetic Algorithm III) [38,39] is a 

multi-objective evolutionary algorithm specifically designed to handle complex 

optimization problems with high-dimensional objective spaces. As illustrated in 

Fig. 6, NSGA-III builds upon the foundational framework of the NSGA series, 

with the goal of identifying and maintaining the Pareto front—a set of optimal 

solutions where no solution is dominated by another across all objectives. The 

algorithm enhances selection by generating uniformly distributed reference 

points in the objective space, which helps maintain solution diversity and even 

distribution. The main steps involve initializing the population, evaluating 

objective functions, performing non-dominated sorting, and selecting solutions 

based on reference points. Selected solutions undergo crossover and mutation 

to create new candidates, updating the population. This process is repeated until 

the specified number of iterations or convergence conditions are met, resulting 

in a well-distributed and converged Pareto-optimal set. NSGA-III is widely 
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applied in fields like engineering and economics, particularly excelling in 

scenarios requiring the simultaneous optimization of multiple conflicting 

objectives. Finally, determine if the termination conditions are met. If met, 

output the final set of non-dominated solutions; otherwise, return to the 

evaluation step. Through these steps, NSGA-III maintains the diversity and 

uniformity of solutions while closely approximating the optimal solutions and 

extensively covering the real Pareto front. 

 

 

Fig. 6 Process flowchart of the NSGA-III algorithm for multi-objective optimization 

 

3.3. Optimization framework 

 

3.3.1. Step 1：Establish model, group cables and struts, generate initial pre-

stress, and create the dataset 

To construct a finite element model of a suspen-dome, the structural sym-

metry and functional characteristics of the internal cable-struts are utilized to 

group the rods, reflecting the distribution pattern of internal forces. The pre-

stress range for the cable-struts is determined based on the sectional perfor-

mance parameters of the cable-strut units. Utilizing the prestress range produced 

from preliminary design, MATLAB is used to generate initial tension forces 

uniformly distributed within a specific range. Finite element analysis software 

then calculates the maximum vertical displacement, lateral support displace-

ment, cable force uniformity coefficient, and maximum cable force value. These 

calculations form the training dataset for a neural network. This method effec-

tively integrates the structural analysis with machine learning to optimize the 

design and performance prediction of the suspen-dome. 

 

3.3.2. Step 2：Train the neural network surrogate model 

After obtaining the dataset through structural training, the sample dataset is 

first normalized. Following this, the hyperparameters of the machine learning 

model are configured to achieve optimal prediction accuracy by setting appro-

priate model parameters. The dataset is split into training and test sets in a 7:3 

ratio. The training set enhances the model's generalization abilities, while the 

test set evaluates accuracy and stability on new data, establishing a foundation 

for training the surrogate model. Table 1 shows the parameter settings of the 

machine learning algorithms applied in this study. 

Table 1  

Hyperparameters of machine learning algorithms 

Algorithms Hyperparameters 

DBN 
learning_rate = 0.01, batch_size = 20,number of hidden layers = [30 

30],units per layer = 30 

Seq2Seq 
learning_rate = 0.01, batch_size = 20,number of hidden layers = 20, 

units per layer = 30 

BPNN 
learning_rate = 0.01, batch_size = 20,number of hidden layers = 50, 

units per layer = 30 

 

3.3.3. Step 3：Define the optimization problem and constraints, and carry out 

the optimization 

Define the prestress range for the suspen-dome (Table 2), cross-sectional 

dimensions, material strengths, and parameters related to the optimization algo-

rithm. Determine the optimization objectives: minimize vertical displacement 

(min( f1 )), minimize horizontal displacement (min( f2 )), minimum strain energy 

(max( f3 )), and steel usage of the lower system (min( f4 )). Introduce constraints 

to ensure that the tensile and compressive performance of the components re-

mains within safe limits, and control displacements within the structurally al-

lowable range. Initialize the population, create an initial solution set, and use 

the surrogate model to represent the initial population or swarm. Select the op-

timization algorithm, set the optimization parameters, iterate to optimize, and 

continuously improve the solution set until reaching the maximum iteration 

count. 

 

3.3.4. Step 4：Select the optimal solution 

After obtaining the Pareto frontier, the solution set is normalized. Then, 

based on the degree of importance, a scale assignment is performed using the 

AHP. The specific assignment process is as follows:9 for minimum vertical dis-

placement(min( f1 )),7 for minimum lateral displacement (min( f2 )), assigning a 

weight of 5 to both minimum strain energy (min( f3 )) and minimum steel usage 

(min( f4 )) a corresponding judgment matrix is established. Using this matrix, 

the AHP is performed to compute the final optimal solution on the Pareto front. 

 

 

Fig. 7 Flowchart of surrogate-based multi-objective optimization using machine learning 

algorithms 

 

4.  Case study 

 

In the previous content, an optimization algorithm based on neural network 

surrogate models was established through the introduction of three types of neu-

ral networks and optimization algorithms. This approach replaces finite element 

software-based online analysis with offline analysis based on surrogate models. 

In this section, two different configurations of suspend-dome models are used 

to verify the effectiveness and accuracy of this method.  
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(a) Flat view (b) Top view of the lower structure 

 

(c) Geometrical size(m) 

Fig. 8 Analysis model of suspen-dome No. 1 

 

4.1. Case analysis model 

 

4.1.1. Case1 : Suspen-dome1 

Fig. 8 presents the axonometric, top, and elevation views of a suspen-dome 

structure for a stadium. The upper section is a Geiger-type single-layer shell 

structure, characterized by a 1:10 aspect ratio. The lower structure features a 

rib-ring arrangement for the cable-strut support system, which includes three 

circles of cables. The struts in the lower system are made of standard steel with 

a Young's modulus of 206 GPa, while the cables use high-strength steel with a 

Young's modulus of 160 GPa. Around the structure, there are hinge constraints 

in the y and z directions, with radial constraints released. Table 2 shows the 

range of initial stress inputs used for training the dataset. 

The upper structure of the finite element model is created using the 

Beam188 element in ANSYS to form a single-layer lattice shell structure. The 

cable-strut support system in the lower section uses Link180 elements, where 

the cable elements can only bear tensile forces, and the strut elements can only 

bear compressive forces. The load conditions are applied according to the 

requirements of the literature, including a 1.3 times dead load and a 1.5 times 

live load factor. 

 

4.1.2. Case2 : Levy-type suspen-dome 

The structure shown in Fig. 9 is a Levy-type suspen-dome, featuring a 

single-layer shell as the upper structure and a Levy-type cable-strut system as 

the lower structure, with constraints consistent with those previously described. 

Due to the structural symmetry, the cable-strut system is categorized into nine 

groups: three support groups, three diagonal cable groups, and three circular 

cable groups. According to Table 2, one thousand sets of initial prestress values 

are randomly generated for data training. 

 
Table 2  

Cross-sectional areas of the structural members 

Types CG01 ~ 03 XS01 ~ 03 HS01 ~ 03 

area/mm2 8577 5003 4128 6362 2376 1590 9603 3672 1198 

min/kN -2000 -1000 -800 600 300 100 800 400 100 

max/kN -500 -250 -200 3000 1200 800 4000 2000 500 

mean/kN -1250 -625 -500 1800 750 450 2400 1200 300 

 

  

(a) Flat view (b) Top view of the lower structure 
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(c) Geometrical size(m) 

Fig. 9 Analysis model of suspen-dome No. 2 

 

4.2. Surrogate model 

 

In Section 3, we explore the application of three distinct machine learning 

algorithms in building surrogate models to accurately capture the complex 

relationships between input and output data. The model inputs comprise initial 

tension forces for nine component groups, which are critical parameters 

influencing structural performance. Outputs include the internal forces within 

the ring and diagonal cables and the displacements of nodes, covering a total of 

11 parameters to fully characterize the structural response under specified 

tension conditions. To evaluate the performance of each machine learning 

algorithm, a dataset of 1,000 samples was selected and divided into training and 

test sets in a 7:3 ratio. 

To evaluate the predictive capability of the machine learning model on 

unseen data, this paper employs the "train-test split" technique. First, the dataset 

is randomly shuffled to ensure an even distribution of data and to reduce 

correlation between samples. Then, the dataset is divided into a training set and 

a test set. The training set is used for model optimization and parameter tuning, 

enhancing the model's generalization ability, while the test set is reserved for 

the final evaluation after training is complete, to gauge its real-world 

performance on new data. This approach allows for a more objective 

measurement of the model's accuracy and robustness, providing a reliable basis 

for its applicability in practical scenarios. This approach insures that the model's 

performance is tested under unbiased conditions, providing a more accurate 

measure of its generalizability and effectiveness. 

Table 3 shows the five metrics used to evaluate model performance: R², 

MSE, RMSE, MAE, and MRE. R² assesses the degree of data interpretation by 

the model; values close to 1 indicate good fit, while values approach 0 indicate 

poor fit. MSE, RMSE, MAE, and MRE measure prediction errors, with smaller 

values indicating higher model accuracy. Where 𝑦𝑖 and 𝑦𝑖
′ represent the actual 

values and forecasted values, separately, 𝑦̅ represents the average of the actual 

values in the sample, 𝑆𝑆𝑟𝑒𝑠 is the sum of squared residuals, 𝑆𝑆𝑡𝑜𝑡 is the entire 

sum of squares, and N is the entire number of specimens in the dataset.

 
Table 3  

Evaluation indexes of machine learning regression model 

Name Formulas 

R2 𝑅2 = 1 −
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
= 1 −

∑ (𝑦𝑖 − 𝑦𝑖
′)2𝑁

𝑖=1

∑ (𝑦𝑖 − 𝑦)2𝑁
𝑖=1

 

MSE 𝑀𝑆𝐸 =
1

𝑁
∑|𝑦𝑖 − 𝑦𝑖

′|2

𝑁

𝑖=1

 

RMSE 𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 = √
1

𝑁
∑|𝑦𝑖 − 𝑦𝑖

′|
2

𝑁

𝑖=1

 

MAE 𝑀𝐴𝐸 =
1

𝑁
∑|𝑦𝑖 − 𝑦𝑖

′|

𝑁

𝑖=1

 

MRE 𝑀𝑅𝐸 =
1

𝑁
∑ |

𝑦𝑖 − 𝑦𝑖
′

𝑦𝑖
|

𝑁

𝑖=1

 

 

Table 4  

The initial structural tension of the optimal solution (𝑘𝑁) 

Cases Types CG01 CG02 CG03 XS01 XS02 XS03 HS01 HS02 HS03 

1 
NSGA-III-FEA -1475 -507 -272 2059 739 545 2584 1371 323 

NSGA-III-SBO -526 -379 -740 2779 834 404 1859 1455 387 

2 
NSGA-III-FEA -1428 -683 -735 1037 807 710 3142 697 382 

NSGA-III-SBO -1392 -510 -423 626 893 692 3147 1023 329 

 

4.3. Prestress optimization 

 

Section 3.1 introduces three neural network architectures used to build 

surrogate models. According to the process detailed in Section 3.2, multi-

objective optimization is performed using the established surrogate models. 

After completing the optimization, a Pareto frontier of non-dominated solutions 

is obtained. Finally, the multi-criteria decision-making method described in 

Section 2.3 is used to select the optimal solution from the set of non-dominated 

solutions. Table 4 presents the prestress data for the cable-strut system obtained 

using both the finite element analysis software and the surrogate model. 

 

4.4. Results and discussions 

 

Figs. 10 to 13 present the performance evaluation metrics of the three 

machine learning algorithms. Specifically, Figs. 10 to 12 illustrate the evolution 

of evaluation metrics during training for the surrogate models constructed using 

DBN, Seq2Seq, and BPNN, respectively. It can be observed that the MSE, MAE, 

MAPE, and RMSE of the dataset exhibit similar declining trends across all 

models, indicating substantial reductions in prediction errors as training 

progresses. Fig. 13 shows the model fitting performance after training. All 

models demonstrate high coefficients of determination (R²), with the BPNN 

model achieving a value close to 1, suggesting excellent prediction accuracy. 

Among the three algorithms, the BPNN-based surrogate model 

outperforms the others in terms of R², MSE, RMSE, MAE, and MAPE, 

indicating superior predictive capability. The R² values of the BPNN model on 

both the testing and prediction sets are close to 1, demonstrating its high 

reliability and effectiveness in capturing complex data relationships. This makes 

it particularly suitable for engineering applications with stringent accuracy 

requirements, such as prestress optimization in structural engineering. 

Therefore, the BPNN model is selected as the surrogate model for the 

subsequent prestress optimization study. Its optimization results are further 

compared with those obtained from the FEA model to validate its effectiveness. 
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(a) The four evaluation curve of Model 1 

 

(b) The four evaluation curve of Model 2 

Fig. 10 Evaluation curves of the DBN machine learning model during training and testing 

 

 

 

 

(a) The four evaluation curve of Model 1 

 

(b) The four evaluation curve of Model 2 

Fig. 11 Evaluation curves of the Seq2Seq machine learning model during training and testing 
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(a) The four evaluation curve of Model 1 

 

(b) The four evaluation curve of Model 2 

Fig. 12 Evaluation curves of the BPNN machine learning model during training and testing 

 

 

 

Fig. 13 The coefficient of determination (R²) values for three different  

machine learning models during training and testing 

 
 

  

(a) NSGA-III-SBO (b) NSGA-III-FEA 

Fig. 14 The pareto front of the optimized structure in Model 01 
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(a) NSGA-III-SBO (b) NSGA-III-FEA 

Fig. 15 The pareto front of the optimized structure in Model 02 
 

Table 5  

Comparison of the best solution of various optimization algorithms 

Cases Types 𝒇𝟏(𝒎𝒎) 𝒇𝟐(𝒎𝒎) 𝒇𝟑(𝐉) 𝒇𝟒(𝒕) Time(s) Total time(s) 

1 
NSGA-III-FEA -28.7 -6.8 1.28E9 98.5 26581 26581 

NSGA-III-SBO -36.1 4.3 1.34E9 96.3 237 1515 

2 
NSGA-III-FEA -34.7 -7.6 1.37E9 99.05 25689 25689 

NSGA-III-SBO -31.6 -10.2 1.32E9 91.4 247 1525 

 

Fig. 14 and Fig. 15 show multi-objective optimization results, with (a) 

representing optimization based on finite element analysis and (b) showing the 

results based on the BPNN surrogate model. In all four figures, the x, y, and z 

axes represent the maximum deflection of the structure (mm), the radial 

displacement at the supports (mm), and the minimum strain energy (J), 

respectively. The color scale indicates the amount of steel used in the lower 

cable-strut system. 

Table 5 compares the optimal solutions obtained using the two methods, 

calculated through the AHP method for multi-criteria decision-making outlined 

in Section 2.3. For the surrogate model approach, the total optimization time is 

calculated by adding the data training time (t = 1278s) to the optimization time, 

resulting in 𝑇𝑜𝑡𝑎𝑙 𝑡𝑖𝑚𝑒 = 𝑇𝑖𝑚𝑒 + 𝑡 . By observing Figures 10 and 11, the 

following conclusions can be drawn: 

(1) There is a distinct linear relationship between the maximum deflection 

of the structure, the radial displacement at the supports, and the strain energy of 

the structure. The non-dominated relationships among these objectives are 

apparent. Strain energy and maximum vertical displacement, as well as radial 

displacement at the supports, show linear variation: as the support transitions 

from tension to compression and the maximum vertical displacement changes 

from negative to positive, strain energy increases. 

(2) The maximum vertical displacement cannot be optimized to zero and 

can only reach a relatively small displacement, as the vertex of the dome 

structure cannot be controlled. 

(3) There is no apparent relationship between the amount of steel used and 

the other three optimization objectives, meaning it is possible to achieve the 

minimum steel usage while still achieving favorable outcomes for the remaining 

objectives. 

 
4.5. Limitations and future developments of the research work 

 

This study integrates multi-objective optimization with surrogate modeling, 

significantly improving optimization efficiency while substantially reducing 

computational resource consumption. However, the proposed approach still has 

certain limitations, and there remains considerable room for improvement in 

future research: 

(1) Data Dependence and Generalization: The data-driven models rely 

heavily on existing datasets for training and lack an understanding of underlying 

physical principles. As a result, their predictions can be unreliable in regions 

outside the training data distribution, and a large amount of data is typically 

required to achieve acceptable accuracy. 

(2) Black-box Nature and Limited Interpretability: The adopted approach 

is essentially a black-box model, making it difficult to interpret the mechanisms 

behind the optimization results. Incorporating physical equations or domain 

knowledge could improve the model’s transparency and interpretability. 

(3) Physically Infeasible Solutions: During the optimization process, the 

surrogate-based model may produce solutions that violate physical constraints, 

such as inadequate structural strength or energy imbalance. Embedding physical 

boundary conditions and constraints into the model could help ensure the 

feasibility of the generated solutions. 

(4) Lack of Sensitivity Analysis in AHP: Although the Analytic Hierarchy 

Process (AHP) provides a structured and logical framework for weight 

assignment, no sensitivity or robustness analysis was conducted in this study. 

Future work could address this limitation to enhance the reliability of the 

decision-making process. 

 
5.  Conclusion 

 

This paper employs three different machine learning algorithms to forecast 

the respond of the suspen-dome structure. By inputting the initial tension, the 

displacement and internal force distribution of the structure were successfully 

predicted. Subsequently, four objective functions were constructed based on 

data analysis, and a multi-objective surrogate model was successfully 

established. On this basis, the NSGA-III algorithm was further utilized for 

multi-objective optimization, resulting in a set of Pareto front solutions. Finally, 

multi-criteria decision-making was performed using the AHP to select the 

optimal solution from the Pareto front. 

(1) The construction of surrogate models and the options of multi-objective 

optimization algorithms should take into consideration both the complexity of 

the model and the optimization costs. Compared to other neural networks, 

BPNN has superior performance. 

(2) The multi-objective prestress optimization method is grounded on the 

surrogate model not only significantly improves optimization efficiency but also 

more effectively coordinates the relationships among objectives, resulting in 

higher-quality solutions. 

(3) Using the AHP to determine the best solution can effectively obtain the 

optimal solution from the Pareto front. 

(4) This study is based on data-driven machine learning models, which 

inherently suffer from limited interpretability and data dependency. In addition, 

no sensitivity or robustness analysis was conducted on the determined weights. 

These limitations suggest valuable directions for future research, such as 

enhancing model interpretability and conducting systematic sensitivity analysis 

to improve the reliability of the decision-making process. 
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