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RESUME The Architecture-Engineering-Construction industry is witnessing a strong push 
toward automating the entire construction process. Building Information Modelling (BIM) has 
been pivotal in facilitating this automation across various stages of construction. However, 
challenges persist, particularly in interfacing between disciplines during the early design phases. 
Recently, advancements in Artificial Intelligence have enabled the development of innovative 
methods for automating and optimizing the structural design. In this context, the present paper 
proposes an algorithm tailored for reinforced concrete structural systems as defined by EC08 and 
RPA2024 standards. The study evaluates the robustness and performance of automated 
structural design for RC systems across diverse architectural configurations. Additionally, the 
research emphasizes fine-tuning algorithm parameters to enhance the performance of optimized 
layouts, which are evaluated using response spectrum analysis. The ultimate objective is to 
develop seamlessly optimized and code-compliant structural solutions. 

Mots-clefs Structural design automation, Structural design optimization, Seismic design, 
Architecture-Engineering interface. 

 

I. INTRODUCTION 

The Architecture-Engineering-Construction (AEC) industry is undergoing a profound 
transformation driven by a need for increased efficiency, accuracy, and sustainability in the 
construction process. A central enabler of this transformation is Building Information Modelling 
(BIM), which has emerged as a pivotal technology for integrating design, analysis, and construction 
workflows (Khan et al., 2021; Biswas et al., 2024). Despite these advancements, significant 
challenges remain, particularly in the early design phases where effective interdisciplinary 
collaboration is critical (Singh et al., 2022). 

Among the challenges faced by the AEC industry, the automation of structural design within 
the BIM framework has proven particularly complex. Structural engineering requires the 
harmonization of architectural intent with code-compliant and performance-optimized structural 
systems in an iterative process. These demands necessitate innovative solutions that go beyond 
traditional approaches. Recent advancements in Artificial Intelligence (AI) and machine learning 
have demonstrated considerable promise in automating complex tasks in structural design, ranging 
from topology optimization to performance evaluation (Qin et al., 2024; Zhao et al., 2023; Bourahla 
et al., 2024). Further studies have focused on automating and optimizing RC and cold formed steel 
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design within BIM environments to improve interdisciplinary collaboration at an early stage of the 
design (Bourahla et al., 2023; Bourahla et al., 2022; Tafraout et al., 2019). In this context, the present 
study builds upon these recent advancements by introducing a new criterion in the objective 
function to enable the selection of the lateral load resisting system as per EC08 (CEN, 2004) and 
RPA2024 (CGS, 2024). The proposed methodology is validated through performance assessment of 
structural layouts generated from different architectural configurations using push-over analysis, 
demonstrating its robustness and potential to streamline the structural design process in the AEC 
industry. 

II. CONCEPT OF THE INTELLIGENT AUTOMATIC STRUCTURAL DESIGN 

The protocol for intelligent automatic structural design presented in this paper begins by 
identifying potential positions for the structural elements of a building's skeleton, derived from an 
architectural configuration provided in IFC format from a BIM platform. At this stage, only basic 
architectural features—such as interior partitions, exterior walls, openings (windows and doors), 
and floor outlines—are required. Subsequently, a hill climbing algorithm (HCA) is applied to 
generate an optimal arrangement of column axes along two perpendicular directions, forming the 
building's skeleton. In the final step, a genetic algorithm is employed to optimize the distribution 
of shear walls (SWs) within the predefined skeleton. Details regarding the constraints and the multi-
objective parameters involved in this process are discussed in Bourahla et al. (2023) and elaborated 
further in the subsequent sections, where the modified criteria in the objective function are detailed. 
This early-stage framework benefits both architects and engineers by offering insights into 
structural alternatives, minimizing extensive design iterations, and facilitating a more efficient 
convergence toward the final design. 
 

                                     

 

 

 

 

 
FIGURE 1. The concept of intelligent automatic structural design 

III. RC structural systems as per EC08/RPA2024  

The European seismic code EC8 and the Algerian seismic code RPA2024 have a similar approach 
when classifying reinforced concrete structural systems’ behavior under horizontal seismic actions. 
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The presented study focuses on four of those systems, frame systems, dual systems equivalent to 
frame systems, dual systems equivalent to wall systems and wall systems. The classification is 
based on the ratio of the shear resistance provided by the frames (or walls) to the total shear 
resistance of the entire structural system. The structural systems and their corresponding shear 
resistance ratio limits are defined in TABLE 1.  

 

TABLE 1. RC structural systems classification 

Structural systems Ratios of shear resistance of frames (K) 

Frame system K > 65 % 

Dual system equivalent to frame 50 % < K ≤65% 

Dual system equivalent to wall system 35 % < K ≤50% 

Wall system K ≤ 35 % 

 

For the purpose of this study, the ratio of the columns’ shear resistance at the building base 
compared to the total shear resistance K, is estimated for a given direction, using Eq. (1). 

𝐾 =
∑𝐼!

∑𝐼! + ∑𝐼"
 (1) 

Where 𝐼! is the inertia of the column, and 𝐼"	is the inertia of the shear walls along one direction. 

IV. Constraints and Objective function 

The goal of the optimization is to develop a structural system that adheres to a set of rules and 
constraints derived from experience and replicates the engineer's conceptual reasoning. The 
application of these rules is evaluated using an objective function. The objective function described 
in Bourahla et al. (2023) is employed in this work, with an additional feature enabling the selection 
of the desired structural system from those outlined in Section III. The constraints have been 
adjusted to eliminate potential conflicts with the requirements of the selected structural system, 
such as the length and gravity load overlapping area of the shear walls. 

Furthermore, a new score, 𝑆#!$%&, is introduced to the objective function to ensure that the final 
solution complies with the user-defined desired structural system. If no preference is specified for 
selecting a specific structural system among those listed in Table 1, a weight value of 0 can be 
assigned to the 𝑆#!$%&	criterion. 

Eq. (2) calculates the compliance of the solution with the desired structural system, where each 
system is defined by possible values intervals [𝑎, 𝑏] (TABLE 1) and a reference ratio 𝐾%&'. The score 
decreases linearly from 1, representing complete compliance, to 0 when K reaches the limit of the 
possible values. Alternatively, non-compliance is penalized with a score of -1.0. 

 

𝑆!"#$%(𝑠𝑦𝑠𝑡𝑒𝑚) = $1 −
%𝐾 − 𝐾𝑟𝑒𝑓%
𝑏 − 𝑎

, 𝐾 ∈ [𝑎, 𝑏]

−1													, 𝐾 ∉ [𝑎, 𝑏]
 (2) 
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The reference ratio 𝐾𝑟𝑒𝑓 for frame systems is 1, which indicates that the structure is entirely 
composed of frames. For wall systems, 𝐾𝑟𝑒𝑓 is 0 which signifies a structure that relies entirely on 
walls. For both types of dual systems, initial experiments with the algorithm showed that the center 
of the interval [𝑎, 𝑏] represents the ideal value for 𝐾𝑟𝑒𝑓. This facilitates the algorithm's convergence 
to values within the interval while avoiding its boundaries. 

V. CASE STUDIES: ROBUSTNESS AND PERFORMANCE EVALUATION 

To assess the robustness of the proposed method, three distinct architectural configurations are 
evaluated (Fig. 2). For each building, the algorithm is tested with all four structural systems 
imposed consecutively as an objective criterion, as expressed in Eq. (2) to evaluate its effectiveness 
in converging to the desired target system. 

 
 

 

 

 

 

 

                 Building 1                                         Building 2                                           Building 3 

                                                                             3D views 

 

 

 

 

 

 

                                                                             

Plan views 
FIGURE 2. Three architectural configurations 

 
Initially, the algorithm is tested on Building 1 to observe the evolution of the new score in both 
directions and its impact on the total score. Fig. 3 summarizes the optimization results for each 
target system. Alongside the final solution, the graphs illustrate the progression of the total score 
and the 𝐾 ratio in both directions over the iterations.  

In the case of a frame system, the 𝐾+ ratio initially started at a low value, leading to a penalty in 
𝑆#,#-&.	+. However, after three iterations, the ratio began to recover, eventually reaching 88%. In the 
Y direction, the ratio started at approximately 77% and fluctuated before stabilizing at 84%. This 
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convergence influenced the total score, with the algorithm achieving its best performance as soon 
as the 𝐾 ratios stabilized. 

For the case of a dual system equivalent to frame, the algorithm converged to an acceptable ratio 
relatively quickly in the X direction, and demonstrated a rapid recovery in the Y direction after the 
objective function was penalized. 

For the dual system equivalent to a wall system, a similar behavior to the dual system equivalent 
to frame was observed. The algorithm required only five iterations to enter the range of accepted 
values and find an optimal solution in both directions. 

Finally, for wall systems, the algorithm exhibited smooth convergence to the desired configuration. 
In this case, changes in 𝑆#,#-&. had minimal impact on the total score, indicating that other 
constraints, such as floor torsional eccentricity and radius constraints, had a greater influence on 
the optimization process. 

 

 

 

 
(a) Frame system 

 
 

-1

-0,5

0

0,5

1

0 10 20 30 40 50

To
ta

ls
co

re

Generations

0%

20%

40%

60%

80%

100%

0 10 20 30 40 50

K

Generations

Kx Ky



RUGC 2025  AJCE, vol. 43 (1) 

 

568 
 

 

 

 

 
(b) Dual system equivalent to frame system 

 

 

 
(c) Dual system equivalent to wall system 
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(d) Wall system 

FIGURE 3. Generated layouts of structural systems, K ratios and total scores 
 

Figs. 4 andErreur ! Source du renvoi introuvable. summarize the results of the optimization for the 
building 2 and 3. In gray are the architectural partitions, in blue, the columns, and in red the 
positions of shear walls as recommended by the algorithm. In addition, the green and the red circles 
represent the center of mass and of stiffness of the floor respectively. The results show that in 
addition to converging to a system close to the desired system, the algorithm converged to solutions 
with appropriate floor torsional eccentricity and radius. In general, the generated layouts, as 
illustrated in Fig. 3, 4 and 5, show that the HCA algorithm performed exceptionally well in selecting 
the column positions and defining the frame axes. Additionally, the GA algorithm successfully 
converged to the target systems across all configurations. However, the wall positions and 
distributions indicate a need for incorporating additional constructability provisions as constraints 
and further refinement of the objective function criteria. 
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FIGURE 4. Generated structural layouts for building 2 
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Frame system Dual frame system Dual wall system Wall system 

FIGURE 5. Generated structural layouts for building 3  

VI. STRUCTURAL ANALYSIS OF THE GENERATED STRUCTURES  

To evaluate the structural performance of the buildings generated by the genetic algorithm (GA), 
3D numerical models of four configurations of Building 1 were developed using BIM-compatible 
finite element software SAP2000 (Fig. 6). The assessment aimed to demonstrate that the design 
constraints specified as requirements were met.  

 

    
Model 1 

Frame system 
Model 2 

Equivalent frame system 
Model 3 

Equivalent wall system 
Model 4 

Wall system 

FIGURE 5. 3D-FE models  

Table 2 compares the base shear resistance ratio K obtained using the simplified Eq. (1)—which 
serves as an objective function criterion in the GA—with the corresponding results from the 3D FE 
models. The table demonstrates that the K ratios satisfy the desired classification conditions and 
shear force ratios obtained from the FE models are, in most cases, consistent and coherent. 

Table 2. Comparison of the shear ratio (K) between the FE-models and the simplified Eq.1 

Model Direction Base shear ratio 

K (FE)       K (GA)          Classification range 

1  Frame system  X 73% 89% K > 65% 

Y 78% 90% 

2  Equiv. Frame 
system  

X 50% 62% 50 % < K ≤ 65% 

Y 46% 60% 

3  Equiv. Wall 
system  

X 44% 44% 35 % < K ≤ 50% 

Y 31% 44% 

4  Wall system  X 13% 6% K ≤ 35 % 

Y 9% 11% 
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The torsional rigidity criterion is also met as none of the fundamental modes exhibit torsional 
behavior. Moreover, all structures produced by the genetic algorithm (GA) meet the drift story 
criterion (Table 3). 

Table 3. Story drifts 
Model Max. story drift (%) 

X Y 
3 Equiv. wall syst. 16 11 
4 Wall syst. 4 4 

 

The calculated percentages of maximum steel reinforcement for columns and beams, as determined 
by the finite element (FE) models per the Eurocode (EC), fall within the required minimum and 
maximum ranges specified by RPA2024. However, the required reinforcement for the walls in both 
the frame and equivalent frame systems exceeds the typical percentages outlined in Table 4. 

 

Table 4. Maximum steel reinforcement ratios 
Model Column ratios (%) Beam ratios (%) Wall ratios (%) 

Min. EC Max. Min. EC Max. Min. EC Usual 
1 Frame syst. 1.0 2.9 4.0 0.5 2.4 4.0 0.25 4.9 2.0 

2 Equiv. Frame syst. 1.0 2.7 4.0 0.5 1.2 4.0 0.25 4.9 2.0 

3 Equiv. Wall syst. 1.0 1.7 4.0 0.5 1.8 4.0 0.25 2.5 2.0 

4 Wall syst. 1.0 1.0 4.0 0.5 2.2 4.0 0.25 1.1 2.0 

VII. CONCLUSION 

The automation of structural design in the AEC industry offers significant potential to industrialize 
processes and enhance design efficiency. In this study, an automation framework was assessed and 
demonstrated robust performance across three distinct architectural configurations, effectively 
converging to the desired structural systems as classified by EC08 and RPA2024 with high accuracy. 
The algorithm consistently optimized the total score by achieving target stiffness ratios in both 
directions within a minimal number of iterations. Notably, the convergence behavior varied across 
systems. The results for all buildings reinforced the algorithm's effectiveness in generating optimal 
layouts, ensuring appropriate floor torsional eccentricity and radius, while successfully placing 
columns and shear walls. However, the positioning and distribution of walls highlighted the need 
to incorporate additional constraints, such as constructability provisions, to enhance practicality. 
To validate these results based on simplified criteria, the generated structures were analyzed using 
response spectrum analysis. Both the base shear force classification ratios and the primary seismic 
design requirements were found to be satisfactory for most structures. However, in dual systems, 
the reinforcement ratios of shear walls tend to be relatively high due to the limited number of shear 
walls in the generated layouts.  

 

Model Max. story drift (%) 
X Y 

1 Frame syst. 35 25 
2 Equiv. frame syst. 28 21 



RUGC 2025  AJCE, vol. 43 (1) 

 

572 
 

 

REFERENCES 

Bourahla, N., Larfi, S., Souaci, K., Bourahla, Y., & Tafraout, S. (2023). Intelligent 
automation and optimization of reinforced concrete dual systems for earthquake 
resisting buildings in a BIM environment. Journal of Building Engineering, 76, 
107111. https://doi.org/10.1016/j.jobe.2023.107111 

Bourahla, N., Hannachi, A., (2024). GA-Based Optimisation of Dissipative Knee Braced 
Steel Frames. In: Sigaher, A.N., Sutcu, F., Yenidogan, C., (eds) Seismic Isolation, 
Energy Dissipation and Active Vibration Control of Structures. WCSI 2023. Lecture 
Notes in Civil Engineering, vol 412. Springer, Cham. https://doi.org/10.1007/978-3-
031-71048-3_12 

Bourahla, N., Tafraout, S., Bourahla, Y., Serier El-Hirtsi, A., Skoudarli, A. (2022). GA 
based design automation and optimization of earthquake resisting CFS structures in a 
BIM environment, Structures 43 (2022) 1334–1341, 
https://doi.org/10.1016/j.istruc.2022.07.041 

Bourahla, N., Tafraout, S., and Bourahla, Y., (2021). Intelligent structural design in BIM 
platforms: Optimization of RC wall-slab systems.  Semenov, V., & Scherer, R.J. 
(Eds.).  eWork and eBusiness in Architecture, Engineering and Construction: 
Proceedings of the 13th European Conference on Product & Process Modelling 
(ECPPM 2021), 15-17 September 2021, Moscow, Russia (1st ed.). CRC Press. 
https://doi.org/10.1201/9781003191476-36 

Tafraout, S., Bourahla, N., Bourahla, Y., and Mebarki A., (2019). Automatic structural 
design of RC wall-slab buildings using a genetic algorithm with application in BIM 
environment, Automation in Construction 106 (2019) 102901, 
https://doi.org/10.1016/j.autcon.2019.102901. 

CEN, (2004). Eurocode 8: Design of structures for earthquake resistance – Part 1: 
General rules, seismic actions and rules for buildings. European Committee for 
Standardization. 

CGS, (2024). Règles Parasismiques Algériennes RPA2024 – DTR BC 2.48. Centre 
national de recherche appliquée en génie parasismique. 

Khan, A., Sepasgozar, S., Liu, T., Yu, R., (2021). Integration of BIM and Immersive 
Technologies for AEC: A Scientometric-SWOT Analysis and Critical Content 
Review. Buildings 2021;11(3):126. https://doi.org/10.3390/buildings11030126. 

Biswas, H.K., Sim, T.Y., Lau, S.L., (2024). Impact of Building Information Modelling 
and Advanced Technologies in the AEC Industry: A Contemporary Review and 
Future Directions, Journal of Building Engineering, Volume 82, 2024 
https://doi.org/10.1016/j.jobe.2023.108165. 

Singh M. M., Deb C., Geyer P., Early-stage design support combining machine learning 
and building information modelling, Automation in Construction, Volume 136, 2022, 
https://doi.org/10.1016/j.autcon.2022.104147. 

Zhao P., Liao W., Huang Y., LuX., Intelligent design of shear wall layout based on 
attention-enhanced generative adversarial network, Engineering Structures, Volume 
274, 2023, https://doi.org/10.1016/j.engstruct.2022.115170. 

Qin S., Guan H., Liao W., Gu Y., Zheng Z., Xue H., Lu X., (2024). Intelligent design and 
optimization system for shear wall structures based on large language models and 
generative artificial intelligence, Journal of Building Engineering, Volume 95, 2024, 
https://doi.org/10.1016/j.jobe.2024.109996. 

https://doi.org/10.1016/j.jobe.2023.107111
https://doi.org/10.1007/978-3-031-71048-3_12
https://doi.org/10.1007/978-3-031-71048-3_12
https://doi.org/10.1016/j.istruc.2022.07.041
https://doi.org/10.1201/9781003191476-36
https://doi.org/10.1016/j.autcon.2019.102901
https://doi.org/10.3390/buildings11030126
https://doi.org/10.1016/j.jobe.2023.108165
https://doi.org/10.1016/j.autcon.2022.104147
https://doi.org/10.1016/j.engstruct.2022.115170
https://doi.org/10.1016/j.jobe.2024.109996

