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1 Introduction 

1.1 Motivation 

Over the past decade, Machine Learning (ML) algorithms 

and Artificial Neural Networks (ANNs) have gained traction 

in civil engineering applications [1]. Today, a wide spec-

trum of ML techniques provides innovative solutions for 

problem-solving and design exploration, enabling engi-

neers to generate, interpret/understand, and expand data 

more efficiently than ever before.  

IDEA StatiCa Connection is a well-established software 

tool that enables the design of practically any steel con-

nection, regardless of topology and loading, using the 

component-based finite element method (CBFEM). This 

overcomes the need of modelling the actual cross-sec-

tions, intersections and other operations within the soft-

ware, but still using shell-based finite elements.  

This paper presents research conducted as part of an in-

dustrial collaboration with IDEA StatiCa, within the frame-

work of the project “Machine Learning-based Design Opti-

mization of Steel Connections” (MADESCO). The project 

focuses on integrating deep learning techniques into the 

software to enhance and accelerate the design and verifi-

cation processes.  

MADESCO’s core objective is to develop a novel, hybrid 

design and optimization tool within IDEA StatiCa Connec-

tion, where traditional mechanics-based approaches, such 

as the finite element method (FEM), are augmented with 

advanced ML methods. These include data-driven deep 

learning models trained on extensive datasets of synthetic 

structural simulations. The overarching strategy supports 

both forward and inverse design tasks, enabling rapid pre-

diction of the behavior and performance of steel connec-

tions, within defined template categories, while ensuring 

their compliance with design requirements. Forward de-

sign is used for a direct prediction of the resistance/utili-

zation with respect to the user input, i.e., material prop-

erties, profile geometry, and load contribution. Inverse 

design, on the other hand, is used to propose optimized 

solutions (connection configurations) based on specific 

user-defined conditions. Those might be the profile geom-

etry, material parameters, as well as load combinations, 

which in general fit several possible design solutions.  
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1.2 Limitations and Outline 

The results presented in this paper stem from preliminary 

investigations and reflect only a limited portion of the 

overall progress achieved within the MADESCO project. To 

ensure focus and manage computational complexity, the 

following constraints were applied: the study is restricted 

to welded frame connections composed exclusively of I-

sections. Loading conditions are limited to in-plane shear 

force–moment interactions. Local imperfections and po-

tential buckling effects were not considered in the simula-

tions. The weld seam was assumed to be sufficiently ro-

bust and was therefore excluded as a possible parameter. 

The finite element (FE) model used was left unmodified, 

with all parameters set to their default values within IDEA 

StatiCa Connection. Material behavior was represented us-

ing a bilinear stress–strain model with minimal strain 

hardening, employing a reduced elastic modulus of E/1000 

to avoid convergence issues. All simulations were con-

ducted using steel grade S355 for the considered cross-

sections.  

The first part of the paper (Section 2) introduces the over-

all assumptions made to create the FE models. It further 

explains the step of data development and extraction to 

create the data sets used herein. Section 3 is used to de-

scribe predictions made by deep neural networks (DNN) in 

a feed forward sense, meaning that features are used to 

make a forward prediction of the overall resistance of knee 

joint connections. Section 4 describes the idea of using a 

CVAE in connection design; it explains the model architec-

ture and shows the first results made by the network. 

2 Data Development 

2.1 Selected Parameters 

Figure 1 shows the selected knee joint connection for the 

investigations presented herein. 

 

Figure 1 Knee joint connection with chosen parameters 

Table 1 gives an overview of all parameters varied for gen-

erating the dataset. Their combination is explained below.  

The profiles of the columns and beams are combined in-

side predefined ranges to have similar sizes (0.8 · bcolumn 

≤ bbeam ≤ bcolumn) and resistances in bending (0.8 · Mpl,column 

≤ Mpl,beam ≤ 1.2 · Mpl,column), leading to 196 combinations. 

The steel grade fy was assumed to be the same for all 

components and was not varied between the combinations 

of beams and columns. For each combination, four ran-

domly chosen values between 0 and 300 mm (always in-

cluding 0 mm as a hard condition) were chosen for the 

offset. Two values for the stiffener thickness were chosen 

randomly for each combination from the values in Table 1. 

They were placed in the column, either on the upper and 

lower flange location of the beam (in the intersection) or 

at the bottom of the widener. The chosen dimensions of 

the widener are summarized in Table 1. The idea behind 

randomizing the choice of several parameters leads to a 

minimization of the overall bias.  

Table 1 Specimens properties  

Parameter Range Amount 

Column (Profile x) and  

Beam (Profile y) 

HEA100 – 1000,  

HEB100 – 1000,  

IPE80 – IPE600 

196 

Steel grade fy [N/mm2] S235, S275, S355, S450 4 

Beam inclination γ [rad] 0°, 15°, 30°, 45° 4 

Widener height hwid 

[mm] 

Function of the beam 

height: ℎ𝑤𝑖𝑑𝑒𝑛𝑒𝑟 =
1

2
 𝑎𝑛𝑑 

2

3
 ℎ𝑏𝑒𝑎𝑚 

2 

Widener width bwid 

[mm] 

Function of the widener 

height: 𝑏𝑤𝑖𝑑𝑒𝑛𝑒𝑟 = [1,
4

3
,

5

3
, 2] ⋅

ℎ𝑤𝑖𝑑𝑒𝑛𝑒𝑟 

4 

Widener’s depth dwid 

[mm] 

Depth: 𝑑𝑤𝑖𝑑𝑒𝑛𝑒𝑟 = 𝑏𝑏𝑒𝑎𝑚 1 

Widener flange-thick-

ness tfwid [mm] 

Flange thickness: 

𝑡𝑓,𝑤𝑖𝑑𝑒𝑛𝑒𝑟 = 𝑡𝑓,𝑏𝑒𝑎𝑚 

1 

Widener web-thickness 

twwid [mm] 

Web thickness: 𝑡𝑤,𝑤𝑖𝑑𝑒𝑛𝑒𝑟 =

𝑡𝑤,𝑏𝑒𝑎𝑚 

1 

Stiffener’s thickness in 

column tstiffc [mm] 

10, 12, 15, 18, 20, 22, 25 2 

Offset [mm] 0–300 4 

Load V-M Interaction 15 

 

2.2 Dataset generation  

The dataset generation was done in an automated way us-

ing the IDEA StatiCa API in combination with Python. 

Therefore, several parametrized templates, see Figure 2, 

were updated in a loop with the defined parameters from 

Table 1 and analyzed in IDEA StatiCa. The overall re-

sistance of the connection was saved as the target value, 

on which the neural network models were trained on in the 

next step. Due to computational recourses and the time 

needed for the generation of the full data set, using all 

parameters from above, the dataset was strongly reduced, 

by random down-sampling. The total amount of combina-

tions was reduced from 2.822.400 to 874.946.  

γ
Offset

tstiffc

bwid

hwid

tstiffb

hwid

twwid

tfwid

dwid

bbeambcolumn

Offset 

tstiffb 

𝛾 

tstiffc 

hwid 

bbeam bcolumn 

twwid 

tfwid 

dwid 

hwid 
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a) b) c) 

Figure 2 Used connection templates for the dataset development 

This reduction was motivated by preliminary investiga-

tions, which revealed that the shapes of the V-M interac-

tion "curves" exhibit a very high degree of similarity. Con-

sequently, not every simulated resistance value is 

necessary for the neural network to achieve accurate pre-

dictions during training. An illustrative example is provided 

in Figure 3, where the thickness of the column stiffener 

was incrementally increased. The simulation results 

demonstrate that the modified parameter (stiffener thick-

ness) has a predictable, scalable influence on the struc-

tural resistance—namely, increasing the thickness gener-

ally leads to higher resistance values. Initial studies 

indicated that a reduction of up to 30% of the full dataset 

was sufficient to maintain high prediction accuracy across 

the entire dataset. Nevertheless, these findings are pre-

liminary and part of ongoing research that will be pub-

lished in future work.  

 

Figure 3 V-M interaction resistances for a knee joint connection made 

from HAE240 profiles including column stiffener 

3 Forward Design 

3.1 General Concept 

The concept of neural networks dates back to the 1940s, 

with foundational work by McCulloch and Pitts [4], later 

expanded by D. Hebb [5] and M. Minsky and S. Papert [6]. 

Originating from efforts to logically model the transmission 

of impulses between individual neurons within a larger 

nervous system, deep learning methods have since 

evolved and are now widely applied across various do-

mains within architecture, engineering, and construction. 

This growing popularity is driven by greater access to large 

datasets, advancements in graphics processing units 

(GPUs), continuous development of algorithms, and sig-

nificantly easier access to machine learning through the 

availability of high-level libraries and APIs—compared to 

previous decades.  

𝑦(𝑥) = 𝑎 ∙ ((∑ 𝑊𝑛 ∙ 𝑥𝑛) + 𝑏) 
(1) 

An artificial neuron consists of three main components: 

weights, a bias, and an activation function, and is typically 

represented as shown in Eq. (1). The input parameters 

(features) are multiplied by randomly initialized weights, 

which are updated over the course of training across mul-

tiple epochs. These weights reflect the strength of connec-

tions within the network. Parameters that do not signifi-

cantly affect the prediction are progressively assigned 

small values during training. The bias is an additional 

trainable parameter (which can be zero or nonzero) that 

is added to the sum of the weighted inputs. Mathemati-

cally, a neuron is represented as a single vector, which is 

then passed through an activation function characterized 

by a predefined threshold. This basic concept can be ex-

tended to more complex systems by adding multiple neu-

rons and layers, thereby increasing the number of traina-

ble parameters to better handle non-linear problems.  

At the end of each network prediction, a loss function is 

used to quantify the deviation between the predicted and 

the true values. For regression problems, two common 

loss definitions are typically employed: the mean squared 

error (MSE) and the mean absolute error (MAE), as shown 

in Equations (2) and (3). Based on the calculated loss, the 

weights and biases of the network are updated through 

gradient descent and backpropagation of the computa-

tional graph. This involves computing the derivative of 

each node by applying the chain rule and adjusting the 

parameters using the gradient descent algorithm, as out-

lined in Equations (4) and (5). 

𝑀𝑆𝐸: 𝐿 =
1

𝑁
∑(𝛿𝑖)2 =

𝑁

𝑖=1

1

𝑁
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑁

𝑖=1

 (2) 

𝑀𝐴𝐸: 𝐿 =
1

𝑁
∑|𝛿𝑖| =

𝑁

𝑖=1

1

𝑁
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑁

𝑖=1

 (3) 

𝜕𝑢

𝜕𝑥
=

𝜕𝑢

𝜕𝑣
∙

𝜕𝑣

𝜕𝑥
 

(4) 

𝑥(𝑗+1) = 𝑥(𝑗) − 𝜂 ∙ ∇𝑓(𝑥(𝑗)) (5) 

3.2 Model Architecture and Evaluation 

The DNN architecture is strongly based on previous publi-

cations [2, 7, 8], where similar problems were investi-

gated predicting the non-linear resistance of cross-sec-

tions, as well as the overall pre- and post-buckling 

behaviour. Table 1 shows the chosen hyperparameters for 

the DNN model and the training process. The network op-

timization was performed on the basis of a train and test 

philosophy, meaning that a specific data amount was used 

for the training (80%) and an additional independent 
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amount for the validation process (20%).  

Table 1 DNN architecture and hyperparameters 

Model Parameter Selected Properties 

Hidden layer 1 54 

Hidden layer 2 54 

Hidden layer 3 27 

Hidden layer 4 18 

Activation function ReLU 

Optimizer Adam 

Learning rate 0.0005 

Epochs 2000 

Batch size 64 

All used features (input values) are summarized in Table 

2 as follows. For the training process it is necessary to 

transform or scale the values to eliminate the major prob-

lem of multiple features having different magnitudes, 

ranges and units. The usual way to do so is by data nor-

malization (scaling the magnitudes of features between 

values of 0 and 1 or -1 and 1, corresponding to the lowest 

and highest value of the feature) and data standardization 

(mean value of the feature is set to 0 and the standard 

deviation to 1; see Equations (6) and (7). 

𝑥(𝑖) =
𝑥(𝑖) − 𝑥𝑚𝑖𝑛

(𝑖)

𝑥𝑚𝑎𝑥
(𝑖)

− 𝑥𝑚𝑖𝑛

(𝑖)
 (6) 

𝑥̃(𝑖) =
𝑥(𝑖) − 𝑥̅(𝑖)

𝜎
 (7) 

Preliminary investigations showed that standardizing the 

data led to better performance and prediction results.  

Table 2 Used features in the forward prediction 

Group name Features 

Profile x A, Iy, Wel, Wpl, fy 

Profile y A, Iy, Wel, Wpl, fy 

Joint geometry γ, Offset 

Widener hwid, bwid, dwid, tf,wid, tw,wid 

Stiffener (column)  tstiff 

Loading Vcontribution, Mcontribution 

The loading, i.e. the V-M interaction had to be normalized 

in a different manner. From the perspective of the user 

only the specific load combination, acting on the connec-

tion, is known, which might be higher or lower than the 

actual overall resistance. Therefore, it is more appropriate 

to calculate the geometric normalized contribution of the 

acting shear force and moment; see Equation (8). The pre-

dicted target can be than formulated as a combination of 

the simulated shear and moment resistance; see Equation 

(9). The actual prediction process is formulated in Equa-

tion (10), using the input contribution and the plastic pro-

file resistance of the beam.  

𝑉𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 =
𝑉𝐸𝑘 𝑉𝑝𝑙,𝑦⁄

√(𝑉𝐸𝑘 𝑉𝑝𝑙,𝑦⁄ )
2

+ (𝑀𝐸𝑘 𝑀𝑝𝑙,𝑦⁄ )
2
 

(8) 

𝑀𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 =
𝑀𝐸𝑘 𝑀𝑝𝑙,𝑦⁄

√(𝑉𝐸𝑘 𝑉𝑝𝑙,𝑦⁄ )
2

+ (𝑀𝐸𝑘 𝑀𝑝𝑙,𝑦⁄ )
2
 

𝑡𝑎𝑟𝑔𝑒𝑡 = 𝑦̂ = √(𝑉𝑅𝑘 𝑉𝑝𝑙,𝑦⁄ )
2

+ (𝑀𝑅𝑘 𝑀𝑝𝑙,𝑦⁄ )
2
  (9) 

𝑉̂𝑅𝑘
(𝑖)

= 𝑦̂(𝑖) ∙ 𝑉𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 ∙ 𝑉𝑝𝑙,𝑦  

(10) 

𝑀̂𝑅𝑘
(𝑖)

= 𝑦̂(𝑖) ∙ 𝑀𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 ∙ 𝑀𝑝𝑙,𝑦  

 

Figure 4 Comparison between DNN model predictions and IDEA Stat-

iCa simulation results 

Figure 5 shows the predictions made by the neural net-

work (y-axis) in comparison to the simulation results by 

IDEA StatiCa (x-axis). First training attempts showed a 

good alignment and high prediction accuracy in almost all 

considered cases with an achieved r2 > 0.995 for training, 

as well as testing data. The majority of back calculated V-

M interaction resistances match the simulated results, as 

illustrated in Figure 6. The red dots symbolize the available 

resistances used for the training of the DNN model. The 

grey dots, on the other hand, the predicted results, filling 

up the spaces between the simulated results. However, 

there is a higher deviation for some profiles than for oth-

ers, which follows a certain logic. For particularly small 

profile sizes, the prediction error appears to increase dras-

tically. This may be due to the fact that there are fewer 

possible combinations in these areas or that the DNN 

model is not properly capturing the boundary areas (very 

small or very big profiles). One additional factor is the 

shape of the interaction curve, which might differ for 

smaller profiles from the “mean” interaction curve.  

Generative design has emerged as a key application area 

in recent years, particularly in fields that are highly visible  
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Figure 5 V-M interaction resistances for a randomly selected profile 

4 Inverse Design 

 
Figure 6 Used CVAE mode and 3D latent space representation 

and accessible to the general public, such as computer vi-

sion and natural language processing. In contrast, its use 

in civil engineering remains largely underexplored, primar-

ily due to challenges related to data scarcity, variability, 

and limited accessibility. However, as outlined in Sections 

2 and 3, data-driven simulation is well-suited to the design 

of steel structures—provided that the underlying finite el-

ement (FE) models are thoroughly validated.  

While Section 3 focuses on feedforward prediction, this 

part shows the use of a conditional variational autoencoder 

(CVAE) to investigate the design space and enable inverse 

predictions based on specified performance criteria. This 

approach offers engineers a more intuitive and interactive 

design tool. Similar concepts have been applied in previ-

ous studies—such as in the design of vertical gardens or 

pedestrian bridges [9, 10]. In this framework, the classical 

CVAE architecture is adopted as part of a preliminary study 

into design space exploration, highlighting its potential 

benefits and advantages over traditional feedforward 

methods. 

The architecture of the selected Conditional Variational Au-

toencoder (CVAE) is illustrated in the upper part of Fig-

ure 6. The architecture of the encoder slightly differs from 

the one of the DNN model from Section 3. Further, the 

encoder architecture is inverted, whereby an additional 

layer was added, and used for the decoder part. The en-

coder takes the preset conditions y, along with a set of 

features x, and outputs the mean and standard deviation 

vectors, as well as the latent vector z. Table 3 lists the 

associated features and conditions, which follow the typi-

cal workflow in IDEA StatiCa Connection. At the stage of 

connection design, certain parameters—such as profile ge-

ometry, material properties, offset, inclination, and ap-

plied loads—are already known and treated as conditions 

y. The features x, in contrast, represent design variables 

(e.g., stiffener thickness and widener geometry) that are 

typically adjusted manually by the user.  

Table 3 Used features in the forward prediction 

Features Conditions 

tstiff, hwid, bwid, dwid, tf,wid, 

tw,wid 

Profile x: hx, bx, twx, tfx, fy 

Profile y: hy, by, twy, tfy, fy 

γ, Offset, Vnorm, Mnorm  

The decoder reconstructs the features using the latent 

vector z and the conditions y. Each block in both the en-

coder and decoder consists of a fully connected layer fol-

lowed by a Rectified Linear Unit (ReLU) activation function. 

The latent space is defined with 8 dimensions, meaning 

that μ, σ, and z are each represented by 8-dimensional 

vectors. The performance of the decoder is heavily influ-

enced by the loss function, which combines the mean 

squared error (MSE) for reconstruction accuracy and the 

Kullback-Leibler (KL) divergence to measure how closely 

the model distribution Q approximates the true distribu-

tion P. Balancing these two components during training is 

critical, as it governs the sampled variability and quality of 

the decoder’s outputs. Once the CVAE model is trained, 

the decoder can be used to generate samples based on 

defined conditions from the latent space. A representation 

is shown in the lower part of Figure 6, using the stiffener 

thickness to colour the labels. A clear separation between 

the stiffener thickness tstiff = 0 mm and tstiff > 0 mm can 

be identified. This means that beside of random sampling 

from this representation it might be also possible to logi-

cally navigate through the space.  

A randomly selected knee joint configuration—using an 

HEB650 profile for both the column and beam, steel grade 

S450, an offset of 240 mm, γ = 0 and Vnorm=0.66; 

Mnorm=0.26, was used to condition and sample from the 

decoder. The DNN model from Section 3 then predicted 

the corresponding V-M interaction resistances for the sam-

pled combinations. Figure 7 illustrates the possible outputs 
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generated by combining the inverse and forward models. 

The red dot represents the conditioned load input, which 

all sampled configurations are intended to match. The 

green dots show the predicted resistances based on the 

decoder’s sampled features. While the resistances align at 

the red dot, they exhibit greater variation in pure bending. 

This variation reflects the sampled diversity of feature 

combinations, as detailed in Table 4.  

 
Figure 7 Sampled design possibilities (inverse design) and predicted 

interaction curves (forward design) 

Table 4 Selected (rounded) outputs of the sampled features in [mm] 

tstiff hwid bwid dwid tf,wid tw,wid 

0 0 0 0 0 0 

10 0 0 0 0 0 

22 0 0 0 0 0 

10 140 125 16 4 3.5 

5 Conclusion and Outlook 

This paper shows preliminary investigations on a data 

driven strategy for connection design using deep learning 

concepts to solve forward and inverse design tasks. Based 

on generated numerical datasets, using the software IDEA 

StatiCa Connection, the first part of the paper explains the 

forward design idea using a fully connected deep neural 

network. First results show a high accuracy overall, alt-

hough outliers were identified for smaller profile groups, 

e.g. HEA 100, HEB 100. This point is subject of current 

research and is considered in the context of hyperparam-

eter tuning and active learning. The latter is primarily in-

tended to answer questions regarding data set size and 

distribution within an automated training and data gener-

ation workflow.  

The second part of this paper explains the inverse design 

idea using a Conditional Variational Autoencoder (CVAE), 

presenting a possible streamline from a user-based per-

spective. First results demonstrate a promising pathway, 

integrating inverse design to propose already feasible con-

nection types and forward design to quickly predict the as-

sociated interaction resistances. This allows the user to 

explore design alternatives much faster and more intui-

tively compared to the classical workflow, with the infor-

mation of the overall connection behaviour.  

Future work will fucus on refining the forward and inverse 

design model architectures and extend the methodology 

to cover a broader range of connection types. The question 

of how much data is needed to make reliable and accurate 

predictions is crucial when it comes to generating data sets 

with reasonable computational effort. This is where active 

learning presents a promising strategy, where data is gen-

erated iteratively during the training process, targeting re-

gions of high error or model uncertainty to maximize 

learning efficiency.  
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