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ABSTRACT

In this research, the optimal design of space structures considering the
actual stiffness of connections is performed using a surrogate model based
on a machine learning algorithm. Space structures, as one of the most
important types of lightweight and robust structural systems, often have
semi-rigid connections whose behavior is conventionally idealized as either
rigid or pinned. This unrealistic assumption can lead to an increase in
structural weight or construction costs. Therefore, incorporating the actual
stiffness of connections into the optimal design process can result in
reduced overall structural weight and improved efficiency. Since accurately
calculating the total structural weight including the weight and costs
associated with connections, which account for approximately 15 to 45
percent of the total weight is essential, connection weight has also been
included in the objective function. To reduce computational costs, a
surrogate model based on a machine learning algorithm is employed.
Moreover, to enhance the accuracy and efficiency of the surrogate model,
an active learning method is used for the intelligent selection of training
data. The results indicate that the proposed method is capable of finding
optimal solutions with fewer analyses compared to metaheuristic
algorithms. According to the results, 800-member and 1016-member space
structures with semi-rigid connections have 4.25% and 14.48% less weight,
respectively, compared to structures with pinned and rigid connections.
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Introduction

Space structures are widely used in large-
span constructions such as stadiums, airports,
and industrial halls due to their lightweight and
robust nature. These systems typically feature
semi-rigid connections, whose behavior lies
between idealized pinned and rigid
assumptions. Conventional design methods
often overlook this reality, leading to inaccurate
analyses and suboptimal designs. While
structural optimization enhances material
efficiency, incorporating realistic connection
behavior introduces nonlinearities  that
significantly increase computational costs. To
address this, surrogate modeling using machine
learning has emerged as a promising solution,
enabling accurate response prediction with
fewer full-scale analyses. This study proposes
an efficient optimization framework for space
structures that considers the actual stiffness of
connections, using a machine learning-based
surrogate model and intelligent sampling to
minimize total structural weight under design
constraints, offering a more realistic and
practical design approach.

Methodology

The proposed methodology aims to
optimize space structures by realistically
modeling semi-rigid connections, which have a
significant impact on structural performance.
The objective is to minimize total weight while
satisfying strength, displacement, and stability
requirements.  Design  variables include
member cross-sections and rotational stiffness
of connections, grouped by structural role. To
reduce computational burden, a machine
learning-based surrogate model is employed to
predict key structural responses such as stresses
and displacements. An active learning strategy
enhances model accuracy by iteratively
selecting the most informative designs for high-
fidelity finite element analysis. The process
begins with an initial dataset generated via
Latin hypercube sampling, followed by
iterative refinement of the surrogate model
using feedback from exact analyses. A custom
heuristic algorithm guides the search, relying
on the surrogate for most evaluations and

reserving full analyses only for high-potential
candidates. This cycle continues until
convergence, ensuring a high-quality solution
with  minimal computational effort. The
framework is tested on large-scale space
structures to demonstrate its scalability and
effectiveness.

Results and Discussion

The framework was applied to two large-
scale space structures, both featuring semi-rigid
connections. Results show that the method
achieves designs comparable in quality to those
obtained with conventional metaheuristic
algorithms, but with a significantly lower
number of  full  structural  analyses
demonstrating a substantial reduction in
computational cost. The surrogate model
accurately predicts structural behavior, while
the active learning strategy efficiently guides
the search toward optimal regions of the design
space. All final designs satisfy strength,
displacement, and stability  constraints,
confirming the method’s reliability. A key
finding is that connection weight constitutes a
notable portion of the total structural weight,
highlighting the importance of including it in
the objective function for a more realistic
optimization. Furthermore, considering the
actual stiffness of connections leads to more
efficient and accurate designs compared to
idealized pinned or rigid assumptions. The
method proves robust and scalable, handling
complex  configurations with  numerous
members and connection groups, making it
suitable for real-world engineering
applications.

Conclusion

This study presents an efficient and
practical optimization framework for space
structures that accounts for the real stiffness of
semi-rigid connections. By integrating a
machine learning-based surrogate model with
an active learning strategy, the method
significantly reduces computational demands
while maintaining high solution accuracy. The
inclusion of connection weight and stiffness as
design variables enhances the realism and
reliability of the optimization process. The



approach demonstrates strong performance on
large-scale structures, achieving near-optimal
designs with a fraction of the analyses required
by traditional methods. It offers a viable
alternative for practical engineering design,
particularly where computational efficiency
and modeling accuracy are critical. Future work
should focus on incorporating uncertainty
quantification and integrating the framework
into standard structural analysis software to
enhance its applicability in industrial practice.
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1 Particle Swarm Optimization (PSO)

2 Genetic Algorithm (GA)

3 Ant Colony Optimization (ACO)
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1: procedure Optimization

2:  nv=number of design variables

3: n=min(10 x nv, 100)

4:  inputs = Generate input samples by LHS(n)
5:  outputs = Run FEM for each input

6:  X,Y = inputs, outputs

7. model = Train XGBoost(X, Y)

8:  forl=1 to max_iterations do

9: if1=1 then

10: population = Generate random designs over the domain
11: else

12: predictions = Sort based on penalty cost

13: x0 = best_design(predictions)

14: population = Generate neighboring designs(x0)

15: end if

16: for each design in population do

17: penalty = Determine optimal design using model from current design
18: if penalty < best_penalty then

19: best_penalty = penalty

20: best_design = design

21: end if

22: end for

23: best_Y = Run FEM for best_design
24: Update X, Y with best_design, best_Y
25: model = Retrain model(X, Y)

26:  end for

27:  return predictions

28: end procedure
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# Define the number of design variables

# Determine the number of input samples (limited to 100)
// Generate Latin Hypercube Sampling (LHS) inputs

/W Perform Finite Element Method (FEM) simulations for each input
// Assign inputs and outputs to X and Y

// Train an XGBoost model using X and Y

/W Iterate for a maximum number of iterations

// For the first iteration:

// Generate random designs as the initial population

// For subsequent iterations:

// Sort designs based on their predicted penalty cost

# Select the best design from the sorted predictions

// Generate new designs around the best design

// Evaluate each design in the current population

# Use the XGBoost model to predict the penalty

# If the predicted penalty is better than the current best:
# Update the best penalty

/ Update the best design

# Perform FEM simulation for the best design
# Add the best design and its FEM result to the training data
// Retrain the XGBoost model with the updated data

// Return the final predictions or best design
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