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A B S T R A C T   

This paper investigates the application of mechanics-informed artificial intelligence to civil structural systems. 
Structural analysis is a traditional practice that involves engineers to solve different real-life problems. Several 
approaches can be used for this task, going from “by hand” computation to the recent advanced finite element 
method. However, when structures become complex, the success of the analysis can be complicated, often 
requiring high computational efforts and time. To tackle this challenge, traditional high-demanding methods can 
be supported by new technologies, such as machine-learning tools. This new paradigm aims to solve structural 
problems by defining the desired output after directly elaborating input data. One of the current limitations is 
that often the physics behind the problem is ignored. To solve this issue, resolution models can combine 
empirical data and available mechanics prior knowledge to improve the predictive performance involving 
physical mechanisms. In this paper, a method to develop a Mechanics-Informed Surrogate Model (MISM) on 
structural systems is proposed, for which input structured data are used to enrich the informative content of 
mechanics systems. Then, Graph Neural Networks (GNNs) are explored, as a method capable of properly rep
resenting and embedding knowledge about a structural system, such as truss structures. The main advantage of 
the proposed approach is to provide an alternative way to the usual black-box machine-learning-based models. In 
fact, in the proposed MISM, the mechanics of the structural system plays the key role in the surrogate model 
definition, in order to obtain physically based outputs for the investigated problem. For the case at hand, MISMs 
are developed and employed to learn the deformations map of the system, starting from the knowledge of the 
structural features. The proposed approach is applied to bi-dimensional and tri-dimensional truss structures and 
the results indicate that the proposed solution performs better than standard surrogate models.   

1. Introduction 

Over the last years, the rise to prominence of new technologies 
related to Machine-Learning (ML), Deep Learning (DL) and, more in 
general, Artificial Intelligence (AI) have influenced several traditional 
disciplines, including structural engineering [1,2]. In particular, these 
new techniques were applied to the fields of design and optimization of 
new structures [3–5], assessment of the health state of the existing ones 
[6–15], the effects of human-induced and natural hazards on new and 
existing structures [6,16–18]. Different ML solutions were proposed for 
dealing with these specific structural engineering problems, such as 
neural networks [19], response surface models [20] and kriging models 
[21]. These ML solutions are usually used as meta-models fitting 

structural data to simulate the desired response and represent the 
so-called Surrogate Models (SMs) in the literature. Many examples of 
this methodological approach are available. In [22], authors employed a 
ML-based surrogate model to optimize truss structure considering its 
nonlinear behaviour. In [23], the authors dealt with the seismic 
assessment of buildings and proposed an ML-based surrogate model 
framework considering both structural and seismic uncertainties to 
predict structural outputs for unseen earthquakes. In [24], authors 
investigated an adaptive risk-based life-cycle management for 
large-scale structures, using deep neural networks to configure surrogate 
modelling for structural risk assessment. In [25], a surrogate finite 
element approach based on a neural network was also proposed to es
timate the time-varying response of a one-dimensional beam. In [26], 
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Monte Carlo simulations and a machine learning-based SM were adop
ted to calibrate the reliability of slab-column joints response in a real 
engineering example. Moreover, the SM-based approaches are widely 
used in the seismic assessment of existing structures with fragility 
analysis, in which most of different methodological phases are inter
preted with ML to reduce computational burden [27–29]. 

SMs represent one of the most promising ML applications in struc
tural engineering as they show better performance than traditional nu
merical methods in terms of computational efficiency. However, when 
these models are used without a mechanics-based approach, they 
generate issues of unidentifiability. In fact, ignoring the theoretical and 
physical foundation of structural problems could generate a loss of 
contact with the ground truth [30]. Using SMs to solve this type of 
problem can considerably reduce the computational effort (e.g., in 
complex structures, the number of equations to solve, also with a Finite 
Element Model, FEM, could consistently increase). On the other hand, 
the results could be far from the exact ones. The current trend is trying to 
assess the real sense of the SM by explainability metrics [14,31–33]. 

A possible improvement can be achieved by adding prior knowledge 
of the mechanics system into analysis methodologies, and, thus, by 
defining the Mechanics-Informed Surrogate Models (MISM). To this 
scope, the concept of Physics-Informed Neural Networks [34,35] can be 
exploited, as a novel neural network approach used to solve physical 
problems traditionally far from the field of AI (e.g., solid mechanics and 
fluid-dynamics [36]). A possibility in this direction is to develop ML 
models based on graph-structured data, representing physical informa
tion about the system to study (e.g., [37,38]). In this context, the solu
tion is represented by the Graph Neural Networks (GNNs), which belong 
to the family of artificial neural networks and are capable of processing 
data as graphs [40]. This latter structure is a non-Euclidean represen
tation (i.e., data are defined through their semantics and not through 
numbers, vectors, or matrix) of data in nodes and edges specifically 
featured by explicating relationships. The representative power of GNNs 
is related to the capability to describe relations among data and to 
provide additional informative content and features hardly imple
mentable in standard DL and ML approaches [38]. The use of GNNs is a 
simple idea to apply to some structural systems, for example by asso
ciating a graph with nodes and edges with frames or trusses. In the 
authors’ knowledge, very few examples are available in the 
engineering-related scientific literature (see for instance Song et al. 
[39]), while inspiring applications concerning physical problems are 
presented in [37,38], where the prediction of the displacements of 
mass-springs systems is used as an example of the GNNs potential. 

This work aims to evaluate the efficiency of GNNs in a structural 
engineering problem. With this goal in mind, the paper presents a 
guided approach to create a new Mechanics-Informed Surrogate Model 

Fig. 1. Flow chart of the proposed methodology.  

Fig. 2. Example of the representation of a simple truss structure as a graph: the load conditions are in red, the starting structural model is in black, while nodes and 
edges in the graph representation are in blue and green respectively. 

Fig. 3. Random GNN scheme. Nodes 1, 2 and 3 are neighbours for node 0.  
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(MISM), as well as a SM developed exploiting the knowledge of the 
mechanics of the structural system. In detail, the paper reports all the 
steps to elaborate the MISM, starting from the data generation, going 
through the training of the new SM, up to the test and validation with 
the solution obtained by a traditional SM. The proposed approach was 
developed and applied to perform a linear analysis of two types of elastic 
truss structures (bi-dimensional, 2D, and tri-dimensional, 3D, cases), 
showing the performance of the MISM and the related potentialities. 
From the experience reported in the paper, new perspectives in the field 
of structural engineering could be open, first by supporting traditional 
analytical and numerical approaches (e.g., FEM) and after by improving 
the current practice in the resolution of complex problems through ML- 
based approaches. 

2. Material and methods 

Fig. 1 shows the proposed methodology described in four main steps, 
extensively discussed in the next section with a focus on the technologies 
and the approaches involved. Step 1 consists of the problem definition, 
in which the scenarios of use of the MISM are defined, and the problem 
to address is specified in terms of generalization requirements, i.e., 
scope and base hypotheses. This phase is of paramount importance due 

Fig. 4. General updating process of the components in GNNs.  

Fig. 5. Structural example model in the FE environment: 2D steel truss.  

Fig. 6. Random sections for frame elements. The dimensions identified with the black arrows represent respectively: t3 the section dimension in the z direction of the 
local reference system, t2 the section dimension in the y direction of the local reference system, tf is the thickness of the section and d is the distance between different 
components of the section in the case of double angle ones. 

Table 1 
Random sections assigned to frames (from Fig. 5) with relative dimensions from 
Fig. 6: t3 represents the section dimension in the z direction of the local reference 
system, t2 the section dimension in the y direction of the local reference system, 
tf is the thickness of the section and d is the distance between different com
ponents of the section in the case of double angle ones.  

Frame Shape t3 (m) t2 (m) tf (m) d (m) 

0 Pipe 0,11  0003  
1 Pipe 0,11  0003  
2 Tube 0,17 0,1 0003  
3 Tee 0,09 0,03 0002  
4 Tee 0,09 0,03 0002  
5 Angle 0,1 0,06 0003  
6 Angle 0,1 0,06 0003  
7 Channel 0,06 0,05 0005  
8 Channel 0,06 0,05 0005  
9 Double Angle 0,13 0,08 0003 0015 
10 Double Angle 0,13 0,08 0003 0015 
11 Double Angle 0,17 0,08 0004 0007 
12 Double Angle 0,17 0,08 0004 0007  

Fig. 7. Random loads assigned to joints (in kN).  
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to the data-driven nature of this approach since it drives and identifies 
the best strategy and the characteristics of the data to generate, i.e., the 
numerical modelling approach. Step 2 focuses on numerical modelling, 
in which the most suitable approach to represent the structural system 
(e.g., FEM model) and to obtain the numerical solution to the problem 
stated is defined. This step allows authors to obtain the Reference Model 
(RM), which represents the ground truth of the structural analysis. Step 
3 regards the data synthesis, and it is structured in two main phases: (a) 
data generation, enabled by automated structural analyses in the 

numerical model environment to generate the data for training and 
testing the MISM; (b) data collection as a graph dataset, consisting of, for 
each structural analysis in the numerical modelling environment, the 
representation of data in the form of a graph according to the re
quirements of the MISM. Finally, Step 4 focuses on the MISM training/ 
test/validation, in which the model is trained and tested on the base of 
the data generated/collected and the problem set. 

2.1. Step 1: problem definition 

In this phase, the scenario to build the MISM is defined. Considering 
the field of application (i.e., structural engineering), the MISM could 
assume different roles, ranging from the replacement of the numerical 
models for the purpose of existing structures assessment, to the support 
of the optimization task during the design phase of new structures. Since 
the MISM will be trained on data generated in the numerical modelling 
environment, the importance of numerical modelling (e.g., FEM, which 
represents the most popular approach to simulate the behaviour of real 
systems and solve engineering problems in controlled software envi
ronments) can be easily assessed. In structural engineering, numerical 
modelling aims to implement physical laws governing a physical phe
nomenon, allowing generalized solutions over potentially infinite ge
ometries and conditions. As such, this generalization capability comes 
with several limitations, especially when facing complex structures: 
high computational effort, time-consuming repeated activities, need for 
expert analysts, lifelong dependence on economically expensive soft
ware, difficulties in the customization of out-of-the-box procedures (e.g., 
optimization task, damage detection and damage severity assessment). 
Moreover, numerical models can reach different levels of representa
tiveness about to their purpose: more specific problems require more 
detailed and complex simulations. These features can drive users to 
define the SMs and, in the case at hand, the proposed MISM by defining a 
trade-off between generalization capability and computational 
complexity [41]. 

The problem definition phase in the case of a GNN-based MIMS 
implies the identification of the MISM requirements in terms of gener
alization capability, and the selection of the most recommended nu
merical modelling strategy for data generation. Moreover, since the 
GNN is used as the technique to specifically replace the RM in a specific 
task, this phase also determines the graph representation of the problem. 
This graph representation step requires the definition of the elements as 
nodes or edges, the noticeable quantities characterizing both nodes and 
edges, the type of relationship between system input and output pre
diction, and then the task to perform, such as regression or classification. 
In summary, the problem definition phase identifies the following 
aspects:  

1. Role of the MISM: the scope of the proposed model must be initially 
set by identifying the inputs and the desired outputs of the model.  

2. Generalization capability: it describes the wideness and the type of 
input variability (i.e., distributions) that the model can handle with 
sufficient accuracy in output computation. Examples of input vari
ability strongly depend on the specific application and can vary 
among the load condition distribution to frame section typologies 
and dimensions, the external and internal constraint variations, and 
the degrees of internal connections between structural elements. This 
generalization-driven variability can be named generalization space.  

3. Numerical modelling environment: it identifies the most suitable 
numerical modelling strategy, accounting for both complexity and 
the required level of detail of the simulation (i.e., data to generate).  

4. Graph structure of the problem: it defines the structure to attribute to 
the inputs of the model, e.g., the definition of the elements repre
sented by nodes, the ones represented by edges, and the relations 
among nodes and edges. 

Fig. 8. Graph representation of the model in Fig. 7. The nodal coordinates of 
the structural system are used to localize the graph nodes. 

Table 2 
Hyperparameters for GNNs training.  

Hyperparameters Specification 

Epochs 300 
Batch size 32 
Optimizer Adam 
Starting Learning rate 0.001 
Loss Function Mean Absolute Error  

Fig. 9. GNN architectures investigated: a) typology 1, b) typology 2, c) ty
pology 3. 

Table 3 
Specifications of the models trained: typology of architecture from Fig. 9, layers 
dimension [29], trainable parameters, training time on a NVIDIA V100 Tensor 
Core GPU.  

Model Architecture Parameters  

Typology Layers dimension  

GNN1  1 ECCConv1: 32, ECCConv2: 32, FC: 16  5379 
GNN2  1 ECCConv1: 64, ECCConv2: 64, FC: 32  19971 
GNN3  1 ECCConv1: 128, ECCConv2: 128, FC: 64  76803 
GNN4  2 ECCConv1: 128, ECCConv2: 128, FC1: 64, 

FC2: 32  
78787 

GNN5  3 ECCConv1: 128, ECCConv2, ECCConv3: 128, 
FC1: 64, FC2: 32,  

144451 

GNN6  1 ECCConv1: 512, ECCConv2: 256, FC: 128  568579  
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2.2. Step 2: numerical modelling 

The numerical modelling phase is preliminary to data generation for 
the training and testing of the MISM. In structural engineering, the so
lution to different problems may require different levels of detail, 
considering that the modelling strategies depend on several aspects such 

as the type and the complexity of the structure, the quantity and quality 
of data, and the aim of the investigation. As such, the numerical 
modelling approach needs to be chosen accurately. Among possible 
strategies, some options can be represented by FEM (e.g., [42]), 
Boundary Element Method, BEM (e.g., [43]), Discrete Element Method, 
DEM (e.g., [44]) and other ones provided by the scientific literature. 
Regardless of the numerical approach, traditional structural analysis 
methods allow for investigating structures through different analysis 
typologies, such as linear or nonlinear analyses. In addition, the defi
nition of the structural system is also essential. The system must be 
modelled in several aspects reported in the problem definition (see 
Section 2.1) and necessary to solve the numerical model, e.g., geometry, 
constitutive materials, constraints and loads. The output of the numer
ical modelling phase is a proper RM, i.e., a numerical model capable of 
solving the structural problem and providing the desired outputs ac
cording to specific input parameters, for example, some numerical 
simulation results. Once the RM is ready, it can be used to generate data 
to collect and elaborate, as shown in the next step. 

Fig. 10. GNNs training and validation performance: training loss (Train_loss) in blue, validation loss (Val_loss) in red.  

Table 4 
GNN5 dimensionality increments.  

Model Architecture Parameters Training 
Time  

Typology Layers dimension   

GNN5–2  3 ECCConv1: 256, ECCConv2: 
128, ECCConv3: 128, FC1: 
64, FC2: 32  

212675 13 min, 
53 s 

GNN5–3  3 ECCConv1: 256, ECCConv2: 
256, ECCConv3: 128, FC1: 
64, FC2: 32  

409411 19 min, 
37 s  

Fig. 11. Training and validation performance of the models obtained by increasing the dimensionality of GNN5.  
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2.3. Step 3: data generation and collection 

The collection of training/test/validation data in the form of a graph 
is performed in different sub-steps during the data generation and 
collection phase, and implies:  

(i) the definition of the RM for the analysis according to the input 
parameters sampled from the generalization space of the problem 
definition.  

(ii) the numerical analysis to obtain the output from the RM.  
(iii) the representation of all the noticeable quantities and features of 

the RM and its solution in terms of graphs, and storage of the 
graph dataset conformed. 

These three sub-steps generate a single instance for the MISM; then, 
the procedure is looped as long as a representative number of instances 
is generated for the training/test/validation phases, as graphically 
indicated by the red recursive arrow in Fig. 1. 

2.3.1. Numerical model specification and analysis 
In sub-step (i), a fully automated procedure was selected to introduce 

input parameter variables in RM according to the problem definition 
phase: a custom script drives the numerical modelling environment and 
features the RM with the input parameters sampled from the general
ization space. Depending on the level of detail required according to 
Step 1, both commercial and custom software environments can be used. 
Several tools can be employed to vary the parameters in the RM, such as 
specific codes that exchange information with the structural analysis 
software (e.g., [45,46]). Alternatively, the generation can be manually 
processed, by developing and implementing a custom solver environ
ment for the considered problem. Once the RM is featured with all the 
input parameters for the problem solution, the analysis can be run, and 
the solutions to the problem can be obtained (sub-step (ii)). 

2.3.2. Graph representation and dataset 
The sub-step (iii) deals with representation of the problem in terms of 

graph built both on the input and output parameters of the RM (i.e., the 
results of the analysis) defined in the previous sub-step. 

In general, a graph is a mathematical abstraction of a data structure, 

which properly represents the entities involved in a problem and the 
relations among these entities [40]. Hence, the indirect graph is 
described by a couple G = (V,C) where V and C represent a finite set of 
nodes and a finite set of edges, respectively. The set of nodes V is defined 
as follows in Eq. 1: 

V = {n0, n1,…, ni,…, nNv − 1} (1)  

where Nv is the number of nodes of the graph. The set of edges is instead 
defined as in Eq. 2: 

C = {edij|ni, nj ∈ V} (2)  

where edij ∈ C if there exists, an edge connecting the nodes ni and nj. 
Thus, we denote the set of neighbours of each node ni as follows: 

Ni = {nj ∈ V
⃒
⃒edij ∈ C

}
. (3) 

In the GNN literature, each node or edge of the graph is characterized 
by several features representing noticeable quantities. Regarding nodes, 
a vector of attributes xi of each node ni ∈ V is defined, and the matrix X 
collecting the features from all the nodes is defined as follows: 

xi = [xi,0, xi,1,…, xi,Nx,f − 1]
T (4)  

X = [x0, x1 ,…, xi,…, xNv − 1] (5)  

where Nx,f is the number of features of each node. Regarding edges, the 
vector of attributes eij of each edge edij ∈ C is defined as follows: 

eij = [eij,0, eij,1,…, eij,Ne,f − 1]
T (6)  

with Ne,f representing the number of features of each edge. Moreover, 
the following matrix E collects the vectors of edge features: 

E =
[
eij
]

(7) 

To represent the topology of the graph, describing the connection 
among nodes, the adjacency matrix A is defined where aij = 1if 
edij ∈ C , otherwise aij = 0. It is worth noting that the problem to solve 
is the one that fully characterizes the graph configuration, which is 
automatically derived from the RM: ni and edij are described in terms of 
features, i.e., xi and eij, which in turn are configured by considering 
modelling input parameters, such as coordinates, structural materials, 
elastic moduli, constraints, restraints and loads. Fig. 2 shows an example 
of the representation of a simple supported truss structure by a defined 
graph. As shown, given the input parameters for nodes and edges (each 
node is characterized by global coordinates, loads, constraints, and re
straints; each edge is characterized by section area of truss, and Young 
Modulus), the MISM is set to compute the output parameters, e.g., nodal 
displacements. 

In the case of truss structures, the match between structural com
ponents and the graph’s components is quite straightforward and in line 
with the literature employing GNN in physical systems: the structural 
nodes are represented as the graph nodes ni while trusses and frame 
elements are represented by the edges edij. Obviously, there are also 
possible cases in which different modelling strategies could be required 
so that frames can be represented as nodes. The automated analysis 

Fig. 12. FFNN architecture to compare with the GNN.  

Fig. 13. FFNN training phase; training time 6 min and 24 s.  
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process allows running the simulations as long as the number of 

instances required for the MISM training/test is reached. Hence, the 
graph representation of each analysis is stored so that the graph dataset 
is generated. In the end, it is worth pointing out the reason for which 
GNNs were selected as the optimal solution to develop the MISM. First, 
the principles at the base of GNN and the related graphical structure 
allow users to simplify the definition of the parameters characterizing 
the structural system. In fact, as for a generic truss structure (or for a 
moment-frame structure), nodes and edges constituting GNNs can be 
directly related to nodes and frames of the physical system, which makes 
the proposed approach simple and logical. In addition, the mechanics 
behind the investigated structural system is accounted for through the 

Fig. 14. Regression performance on test set: a), c) and e) indicate ux,uz in mm and rx in rad/1000 predicted by GNN5–3, b), d) and f) indicate ux,uz in mm and rx 

in rad/1000 predicted by FFNN. 

Table 5 
Comparison between GNN-5 and FFNN.  

metric GNN5-3 FFNN 

ux (m) uz (m) ry (rad) ux (m) uz (m) ry (rad) 

R2 0.98 0.99 0.83 0.88 0.93 0.69 
MAE 4.91e-06 7.89e-06 6.78e-06 8.24e-06 1.24e-05 8.89e-06 
SAE 1.72e-02 2.76e-02 2.37e-02 2.88 e-02 4.34e-02 3.14e-02  
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adjacency matrix A, which provides the physical informative content of 
the structural system under investigation. This concept can be easily 
extended to other structural engineering problems, for which the adja
cency matrix A can be set according to the desired elaboration, driving 
the training of the MISM (as shown in the next Section). 

2.4. Definition of the MISM 

The graph dataset conformed in the data generation and collection 
phase is used to train, test, and validate the proposed GNN-based MISM. 

2.4.1. Graph neural networks generalities 
GNNs are models enabling DL on graph-structured data and are 

defined as an “optimizable transformation on all attributes of the graph 
(nodes, edges, global-context) that preserves graph symmetries (permutation 
invariances)” [40]. Their main peculiarity is the capability of updating 
information stored in each component (nodes, edges, global context) by 
using information from other components on the base of the defined 
topology. This updating process creates updated representations of the 
components on the base of their features, and these representations are 
intended like embeddings, as provided in the GNN related literature. 

Fig. 4 shows the general updating process for the GNN in Fig. 3, in 
which a random GNN with Nv nodes is considered. The GNN is obtained 
by stacking n hidden layers, where lL with L = 1,…, n identifies each 
layer. According to Section 2.3.2, we denote by x(L)

i the feature repre
sentation of each node ni ∈ V in the hidden layer L, obtained with one of 
the available updating procedure. For instance, Fig. 4 shows the first 
four nodes and the last one of the graphs, and the description of the 
process is only conducted for these nodes (but it is applied to all the 
nodes). In the first hidden layer l1, the embedding x(1)

0 of the node 0 (red 
point), is trained considering its neighbours input embeddings (blue 

points), that is, x(0)1 ,x(0)
2 ,x(0)3 . The same procedure is applied for all nodes 

until the last one, x(1)
Nv

. All the embeddings are updated until the last 

hidden layers (ln), so that x(n)0 (dark red point) represents the last 
embedding of node 0 performed considering its neighbours input em
beddings (dark blue points), that is, x(n− 1)

1 ,x(n− 1)
2 ,x(n− 1)

3 . The procedure, 
as previously explained, is applied for each node, considering the related 
embeddings. 

Note that the different colours are used in the layers to highlight the 
information diffusion through the network: in l1 all nodes are updated 
only considering the original neighbours, while in ln all embeddings 
store information processed after different steps. It is straightforward to 
notice that more steps imply the influence of farer nodes on each 
embedding. The output of this generic GNN is represented by the new 
node embeddings after n hidden layers. 

The GNNs variability is mainly based on the formulations to obtain 
these embeddings, with the standard convolution operation [47] 
generalized on graph-structured data gathering progressively more 
attention for this purpose. According to [48], two main approaches to 
convolution on graphs can be identified: (a) spatial convolution, mainly 
focused on data aggregation from neighbour components; (b) spectral 
convolution, which uses the graph Fourier transform to process and 
update features of components, considering fewer local characteristics. 

In this work, we propose the application of a GNN allowing the 
embedding computation considering also the edge features (i.e., me
chanical characteristics of the frames) due to their importance in 
structural systems. This implies that an edge-conditioned GNN on the 
model was employed, according to Simonovsky & Komodakis [49]. This 
architecture is obtained by stacking many edge-conditioned convolu
tional layers and computing the nodes embedding by considering the 
edge features: 

x(L)
i = x(L− 1)

i Wroot +
∑

j∈Ni
x(L− 1)

j MLP
(
eij
)
+ b (6)  

where x(L)i is the embedding of the node i in the hidden layer lL, x(L− 1)
i is 

the embedding of the same node i in the previous hidden layer, Ni is the 
set of neighbours for the node i, x(L− 1)

j is the embedding of the j neigh

bours of the node i, Wroot is a trainable weight matrix multiplying x(L− 1)
i , 

MLP
(
eij
)

is a trainable Multi-Layer Perceptron [50] that outputs an 
edge-specific weight as a function of edge attributes eij, and b represents 
the trainable biases. 

2.4.2. Graph neural networks training/test/validation 
The dataset generated with the automated analyses can be used to 

train/test/validate the defined MISM. All the training-related quantities 
are specified in this phase: optimizer, learning rate schedule, batch size, 
epochs, loss function, and performance metrics. In particular, the loss 
function gains particular attention in this phase when dealing with 

Fig. 15. Test instance representation in the FE software.  

Table 6 
Sections assigned at random to frames (from Fig. 5) with relative dimensions 
from Fig. 6.  

Frame Shape t3 (m) t2 (m) tf (m) d (m) 

0 Pipe 0,07   0003 
1 Pipe 0,06   0003 
2 Tube 0,08 0,04 0002 0002 
3 Tee 0,19 0,07 0003 0003 
4 Tee 0,17 0,07 0003 0003 
5 Angle 0,06 0,08 0004 0004 
6 Angle 0,05 0,08 0004 0004 
7 Angle 0,06 0,08 0004 0004 
8 Angle 0,08 0,08 0004 0004 
9 Channel 0,15 0,07 0003 0003 
10 Double Angle 0,11 0,09 0003 0003 
11 Double Angle 0,12 0,04 0005 0005 
12 Double Angle 0,10 0,04 0005 0005  

F. Parisi et al.                                                                                                                                                                                                                                    



Structures 59 (2024) 105712

9

physical systems. According to the literature review presented in the 
introduction, the right choice can influence massively the performance 
of the system and the custom loss function can inject further knowledge 
into the training process [34]. 

Many standard loss functions are generally available in deep learning 
applications. In classification tasks, noticeable loss functions are the 
cross-entropy-based ones, such as Binary Cross-entropy, categorical 
cross-entropy, sparse-categorical cross-entropy, or Poisson-based ones 
[54,55]. In regression tasks instead, frequently used loss functions are 
mean squared error, mean absolute error, mean absolute percentage 
error, mean squared logarithmic error and cosine similarity [54,55]. In 

Fig. 16. Regression performance comparison on single test instance: a), c) and e) represent respectively the prediction for ux, uz in mm and rx in rad/1000 in the case 
of GNN5–3; b), d) and f) represent respectively the prediction for ux, uz in mm and rx in rad/1000 in the case of FFNN. 

Table 7 
Comparison metrics between GNN3–5 and FFNN for a single test prediction.  

metric GNN5-3 FFNN 

ux (m) uz (m) ry (rad) ux (m) uz (m) ry (rad) 

R2 0.99 0.96 0.84 0.86 0.96 0.35 
MAE 2.69e-06 7.61e-06 3.98e-06 8.45e-05 8.06e-05 8.60e-05 
SAE 1.88e-05 5.33e-05 2.74e-05 5.92e-04 5.64e-04 6.02e-04  
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the field of deep learning for physical systems, in which regression tasks 
are more widespread, two important aspects drive the choice of the loss 
function: (i) the possibility to encode in the loss function the knowledge 
of the system [34–36]; (ii) the interpretability of the resulting values 
[37,38]. When different typologies of independent variables are 
involved in the solution of the problem, the strategy (i) can be pursued. 
An example of this approach is reported in [36], where the authors 
specified the general PINN framework (i.e., the solution of partial dif
ferential equations via deep learning) for soil mechanics modelling. 
Since multiple displacements and stresses are predicted together using 

parallel Neural Network architectures, the authors encoded a loss 
function considering the relations among variables. Instead, in the case 
of simpler scenarios, such as the prediction of a single variable (e.g., 
displacements), strategy (ii) is considerable. As in [37,38], when dealing 
with displacement predictions, loss functions with easily interpretable 
results (i.e., directly referred to the displacement values) can be used, e. 
g., mean absolute error or sum of absolute errors. 

3. Case study 1: 2D elastic truss 

The proposed methodology was first tested on a 2D elastic steel truss 
(shown in Fig. 5), modelled through SAP2000 [51] and which assumed 
the role of RM. The main aim of this section is to assess if the proposed 
approach can provide, after training the GNN, outcomes in line with the 
RM. All the noticeable nodal displacements were considered among the 
outcomes to account for. This strategy allowed the authors to configure a 
MISM that relates a simple structure defined by generic features (in 
terms of geometry, structural materials, constraints, restraints, loads) to 
the desired output (i.e., vertical, and horizontal displacements, and 
rotation). In addition, a further aim of the MISM should be to provide a 
comparable result to other ML-based models, with the improvement 
given by the mechanical base. 

Fig. 17. Deformed shape computed by the RM.  

Fig. 18. Comparison between the predicted displacements without considering the deformations of the frames: a) GNN3–5 and b) FFNN.  

Fig. 19. Spatial truss case study: a) visualization of the RM, b) graph representation considering the nodal coordinates for the visualization.  

Fig. 20. FFNN architecture used for the spatial structure case study.  
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3.1. Application of the methodology 

In this section, the methodology introduced in Section 2 was applied 
to the case of the 2D steel truss shown in Fig. 5. In the following para
graphs, all the phases are specified, as well as the tools employed. The 
resulting performances are presented at the end of the procedure and 
compared with a standard architecture eligible for the same task, such as 
MLP [52]. 

3.1.1. Problem definition 
The main role of the MISM was identified with the capability to 

predict linear nodal displacements of the 2D truss structure on the base 
of nodal loads and frame sections. SAP2000 environment [51] was 
selected as the numerical modelling environment to build the RM by 
specifying nodal coordinates, nodal loads (forces), and cross-sections. 
The RM is an internally and externally hyperstatic steel truss, with 
two fixed restraints in the external nodes (0 and 3 in Fig. 5). Frame-type 
elements were used to model the trusses. Elastic linear behaviour was 
considered using a steel material with an elastic modulus of 210 GPa and 
a density equal to 78.5 kN/m3. 

The generalization space, driving the variability of the input pa
rameters, was defined by the nodal loads and the geometries of the 
frame sections. This RM variability was first accounted for by varying 
the frame cross sections among six possible typologies to sample from. 
Fig. 6 shows the selected set of sections and the related parameters 
affecting their size (black arrows) and the inertia (i.e., stiffness). 

Moreover, as already specified, the generalization space implied that 
also nodal forces were varied. The nodal displacements in x and z di
rections (ux, uz) and the rotation around the y axis ( ry) were considered 
as the output of the analysis, according to the reference system shown in 
Fig. 5. 

3.1.2. Data generation and collection 
The data generation and collection phase was performed through a 

script iteratively performing these subsequent steps: (a) definition of the 
input parameters (i.e., loads and frame sections according to the 
generalization space) for the RM model to obtain a numerical solution (i. 
e., no labilities can occur); (b) execution of a linear static analysis ac
cording to the defined loads; (c) representation of the model and the 
results in a graph form; (d) storing of the graph to populate the dataset 
for the training/test/validation. According to this framework, 15000 
looping analyses were performed, and the related dataset instances were 
obtained. 

The model was specified by using SAP2000 OpenAPI through Python 
programming language [53]: the RM was modified through a custom 
script by specifying the frame sections and the nodal loads. Each frame 
was randomly assigned with typologies and dimensions as shown in 
Table 1 for the example in Fig. 7, while loads in x and z directions were 
randomly assigned to each node, as depicted in Fig. 7. 

After the model specification, a linear static analysis was automati
cally run, and the nodal displacements for each node were obtained. All 
the information characterizing the specific numerical problem (i.e., 
frame sections and loads assignments) and the resulting solutions were 
represented in the form of graph, according to the specifications in 
Section 2.3.2. In particular, the following elements were specified:  

• The node feature matrix X = [x0…xi…x6], where xi =

[xg,i, zg,i, ci,x, ci,z, cri,y, li,x, li,z]T and xg,i and zg,i are the x and z global 
coordinates of the node ni ∈ V, ci,x, ci,z, cri,y are the external con
straints (equal to 1 if the node is constrained and equal to 0 other
wise), and li,x, li,z are the external loads applied in x and z directions, 
respectively. Fig. 8 shows a representation of the graph in which the 
nodes are localized using the nodal coordinates of the structural 
system.  

• The edge features matrix E =
[
e0,1 e0,4 e0,5…e6,3

]
where eij = {aij,

Jij}, aij is the cross-sectional area of the frames and Jij is the inertia 
moment of the section.  

• The adjacency matrix A reporting the connection among nodes via 
edges. 

In this application, the desired output of the model was expressed by 
the matrix Y = [y0…, yi…y6], with yi =

[
ui,x, ui,z, ri,y

]T, where ui,x is the 
displacement of the node ni in the x direction, ui,z in the z direction and 
ri,y the rotation around the y axis, all measured in the global reference 
system. 

3.1.3. GNN training 
Once conformed the graph dataset, training, test, and validation of 

the GNN were performed by using a Python library called Spektral [54], 
which builds on top of Keras [55]. The GNN was trained to predict the 

Fig. 21. FFNN training phase for different architectures in spatial structure case study: a) FFNN architecture from Fig. 12, b) Modified FFNN in Fig. 20.  

Fig. 22. GNN5–3 training on spatial structure data.  

F. Parisi et al.                                                                                                                                                                                                                                    



Structures 59 (2024) 105712

12

nodal displacements Y on the base of graph input data expressed as X, E, 
A as highlighted in Section 3.1.2. The models were trained using an 
NVIDIA V100 Tensor Core GPU hardware with the hyperparameters in 
Table 2. 

Small variations of a baseline model obtained by stacking Dynamic 
Edge-Conditioned Convolutional layers (ECCConv) and Fully Connected 
layers (FC) were investigated, as reported in Eq. 6 [49]. Fig. 9 shows the 
different global architectures investigated, while Table 3 specifies each 
layer features: the typology of each model referred to Fig. 9, the layers 
dimension both for ECCConv and FC layers, and the number of trainable 
parameters of the model. The final FC layer of each model implements a 

linear activation function to enable the regression task on the output of 
the network, while the rectified linear unit (ReLU) activation function 
was used for each layer. As loss function for the neural network, the 
Mean Absolute Error (MAE) was selected, due to its standard use in DL 
applications and its representativeness for the problem studied: the MAE 
value directly represents the difference among the predictions and the 
ground truth values (obtained by the numerical analysis on RM) in terms 
of nodal displacements. Basically, the gross performance variation 
related to the deepness of the network and the layers dimension was 
investigated, to define an eligible baseline to assess the presented 
methodology. 

Fig. 23. Regression performance comparison on single spatial test instance: a), c) and e) represent respectively the prediction in mm for ux, uy and uz in the case 
of GNN5–3; b), d) and f) represent respectively the prediction in mm for ux, uy and uz in the case of FFNN. 
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Fig. 10 shows the performance of all the GNNs trained according to 
the architectures described in Table 3, and drives the selection of the 
most promising one. The results highlighted that GNN5 is the architec
ture showing the best performance (i.e., lower validation loss), contex
tually with a restrained number of trainable parameters (e.g., differently 
from GNN6 in Table 3 that results quite big), and therefore it was 
selected for further investigation. 

This evidence allowed us to further explore the dimensionality of 
GNN5 and improve the performance shown in Fig. 10(e). The model 
dimensionality was gradually incremented obtaining GNN5–2 and 
GNN5–3, whose architectures are specified in Table 4. GNN5–3 resulted 

the best eligible model, as shown in Fig. 11(b) and was selected to 
investigate the performance of the GNN model in comparison with 
standard the architecture in Section 3.2. 

3.2. Comparison with standard SM 

To assess the efficiency of the proposed MISM, the performance of 
GNN5–3 was compared with a Feed Forward Neural Network (FFNN), a 
standard architecture widely used in the literature for surrogate 
modelling in structural engineering. The choice of such an architecture 
is driven by its acknowledged trade-off between complexity and 

Fig. 24. Regression performance comparison on single spatial test instance: a), c) and e) represent respectively the prediction in radians/1000 for rx, ry and rz in the 
case of GNN5–3; b), d) and f) represent respectively the prediction in radians/1000 for rx, ry and rz in the case of FFNN. 
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performance and its extensively use in problems in which there is no 
temporal dependency of variables [56–59]. This comparison aimed to 
assess the effectiveness of the performance provided by the further level 
of information exploited by the MISM (i.e., the topology of the structural 
system). 

3.2.1. FFNN training 
To set the regression problem with a standard FFNN, X and E were 

horizontally stacked to configure the input, as well as Y, to make both 
input and output compliant with the data structure this architecture. 
With this approach, every instance of the dataset was no longer repre
sented in the form of a graph, but as a single row of the input matrix 
characterized by f = Nv⋅Nx,f +Ne⋅Ne,f = 61 features, where Nv = 7,Nx,f 

= 5, Ne = 13andNe,f = 2. Analogously, the output/target for each 
instance of the input matrix was a vector of dimension ny = Nv⋅ndispl =

21, where Nv = 7 is the number of nodes and ndispl = 3 is the number of 
displacements predicted for each node. 

In line with the existing literature, the entire dataset was split in 
train/validation/test by using a standard 70/30 split [60]. The gener
ated input matrices, Xtr, Xva, Xte, were characterized by dimension 
dim(Xtr) = [ltr, f ], dim(Xva) = [lva, f ], dim(Xte) = [lte, f ], respectively, 
where ltr = 10150, lva = 4350, lte = 500, while f = 61 is the global 
number of features. The output/target matrices Ytr, Yva, Yte were ob
tained with the same approach, with dimensions dim(Ytr) =

[
ltr, ny

]
, 

dim(Yva) =
[
lva, ny

]
, dim(Yte) =

[
lte, ny

]
, respectively. 

Fig. 12 shows the architecture used for the FFNN where, differently 
from Fig. 9, standard FC layers were considered, with a total number of 
trainable parameters for this architecture equal to 10.639.381. 

Fig. 13 shows training phase of the FFNN. It is evident that the 
network overfitted on the data after few epochs since the training loss 
was improving, while the validation loss remained quite constant 
around a value of the loss equal to 0.012 [61]. The validation loss value 
was also a symptom of the lower accuracy in comparison with the 
trained GNN5–3. This aspect is further specified in Section 3.2.2. 

3.2.2. Performance comparison 
In this section, the GNN performance was assessed in comparison 

with the FFNN. First, both models were compared considering an 
average behaviour over a determined number of test instances (i.e., 
500). After, the same evaluation was performed over a single instance. 

Considering a test set of lte = 500 instances, Fig. 14 shows the com
parison among the predicted values (signed with an hat “ ”̂ on the y axis 
and) and the ground truth values (on the x axis) of the displacements. 
The red line represents the ideal condition in which the displacements 
from the models perfectly match the test set. The more the blue points 
distribute close to the red line, the more the model can interpret the test 
data. In particular, the graphs on the left (a), (c), (e) depict predicting 
performance of GNN5–3 for ux,uz, ry, respectively, while the graphs on 

the right (b), (d), (f) refer to FFNN. From the graphical comparison, it is 
evident that GNN5–3 provided better performance for all the displace
ment components. Instead, the prediction by FFNN was less squeezed on 
the red line, which implied more scattered points and thus, a less precise 
predictions. 

In line with the existing literature, the performance highlighted in 
Fig. 14 are expressed in terms of multiple summary metrics in Table 5, 
where the coefficient of determination, R2, the MAE, and the sum of the 
absolute errors (SAE) are reported. GNN5–3 globally overcame FFNN in 
each metric, with a higher value of R2, a MAE that is generally equal to 
half of the same metric given by FFNN, and a SAE that is noticeably 
lower. 

Regarding the prediction capability of the single example instance, 
randomly chosen input data were set to generate a new RM. Fig. 15 
shows the loads condition applied, while Table 6 highlights the sections 
randomly assigned to the frames. 

Applying both GNN5–3 and FFNN models, the new results obtained 
are shown in Fig. 16 and resumed by multiple metrics in Table 7. Each 
node was labelled (in red), and its prediction according to both the 
model was represented. GNN5–3 clearly provided a better prediction 
than FFNN, showing results closer to the ground truth expressed by the 
red line. The same evidence is highlighted in Table 7, where all MAE and 
SAE are noticeable lower for GNN5–3, while R2 is higher. 

The results in Fig. 16 were also represented in Fig. 17, which shows 
the deformed shape obtained by numerical analysis on RM, and in 
Fig. 18, where the nodal displacements predicted respectively by 
GNN3–5 (a) and FFNN (b) were assigned to the nodal coordinates (the 
images does not consider deformations of the trusses). The deformed 
shape predicted by GNN-3 was clearly closer the ground truth repre
sented by the RM in Fig. 17, further specifying the results already 
highlighted in Fig. 16 and Table 7. This outcome clearly showed the 
improvements achieved by using a MISM (i.e., GNN3–5) instead of a 
generic ML-based SM (i.e., FFNN). 

4. Case study 2: spatial-truss case study 

After the application of the procedure to the 2D case, the procedure 
was tested on a tri-dimensional (3D) structure shown in Fig. 19. The 
steps are not described in detail here as they are the same illustrated in 
Section 3. After defining the problem, the RM and the data for the 
training were generated, by accounting for the variability in terms of 
cross sections and nodal loads. The training and test phase results of the 
MISM were herein presented, along with the comparison with the 
considered ML-based method, the FFNN. Still, the performance of both 
models was directly highlighted only for purpose of prediction of a 
single instance. 

In this case, a four meters-spanning spatial structure was considered, 
internally hyperstatic and externally isostatic (simply supported), con
sisting of 25 joints and 188 frames, randomly loaded by forces on the 
nodes. The boundary conditions are highlighted in Fig. 19(a), while the 
graph representation, using the nodal coordinates to locate the nodes of 
the graph, is shown in Fig. 19(b). 

Differently from the 2D case study, the output researched consisted 
of a matrix considering all the displacement along the six degrees of 
freedom characterizing each joint of the spatial structure in the 3D 
space. Hence, the global output was represented by Y = [y0…yi…y24]

with yi = [ui,x ui,y ui,z ri,x ri,y ri,z]
T, where ui,x is the displacement 

of the node i in the x direction, ui,y is the displacement of the node i in the 
y direction, ui,z is the displacement of the node i in the z direction, ri,x the 
rotation around the x axis, ri,y the rotation around the y axis, ri,z the 
rotation around the z axis. 

4.1. Models training 

Both the GNN and FFNN models were trained on 15000 instances 

Table 8 
Comparison metrics between GNN3–5 and FFNN for a single spatial test 
prediction.  

Model displacements metrics   

R2 MAE SAE max 

GNN5–3 ux  0.97 1.44e-04 3.61e-03 2.99e-03 
uy  0.99 1.51e-04 3.77e-03 5.61e-03 
uz  0.99 1.28e-04 3.20e-03 6.36e-03 
rx  0.99 1.31e-04 3.28e-03 5.66e-03 
ry  0.99 1.88e-04 4.69e-03 7.87e-03 
rz  0.94 1.57e-04 3.92e-03 2.75e-03 

FFNN ux  0.80 3.93e-04 9.82e-03 2.99e-03 
uy  0.94 2.91e-04 6.92e-03 5.61e-03 
uz  0.96 1.96e-04 4.81e-03 6.36e-03 
rx  0.95 1.74e-04 4.36e-03 5.66e-03 
ry  0.94 2.18e-04 5.46e-03 7.87e-03 
rz  0.77 2.98e-04 7.45e-03 2.75e-03  
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obtained by the data generation and collection phase. In this case, the 
FFNN architecture was expanded from the 2D to the 3D case study, and 
the different architecture is shown in Fig. 20: the former version was 
unable to train on the data related to the spatial structure because of the 
dimensionality. This aspect was also highlighted by the training metrics 
shown in Fig. 21(a). Differently, Fig. 21(b) represents the training 
metrics of the modified architecture in Fig. 20, characterized by 
28.812.438 total trainable parameters: it clearly represents a big 
network, especially if compared to GNN5–3. The training of the new 
version of FFNN is reported in Fig. 22. 

4.2. Comparison between GNN5-3 and FFNN 

According to the comparison between the MISM and the SM model, 
the prediction performance over a single instance was processed and the 
results are graphically shown in Fig. 23 and Fig. 24 and resumed by 
multiple metrics in Table 8. Also in this case, Fig. 23 and Fig. 24 show 
that GNN5–3 presents higher performance than FFNN in terms of pre
diction, showing results closer to the ground truth mainly for ux and rx, 
as expressed by the red line. The same evidence is highlighted in Table 8, 
where all metrics are noticeable lower for GNN5–3 (except for the R2, 
which presents higher values), especially in the case of ux (according to 
the evidence in Fig. 23(a) and Fig. 23(b)) and rx (according to Fig. 24(a) 
and Fig. 24(b). 

5. Discussion, conclusions, and further developments 

In this work, a new method for configuring mechanics-informed 
surrogate modelling for structural engineering problems was pre
sented. The proposed solution, named Mechanics-Informed Surrogate 
Models (MISM), consisted of a data-driven procedure subdivided into 
four subsequent phases. The first phase of the method dealt with the 
problem definition, in which the role and the end-usage of the MISM 
were defined. In the second phase, once the numerical modelling envi
ronment was selected, a reference model was generated: it was char
acterized by specific parameters to vary, as the input variables according 
to the generalization space identified in the first phase. The third phase 
dealt with the data generation and collection, which consisted of an 
automated structural analysis conducted on the Reference Model, iter
atively specified by varying input parameters. In the last phase, the 
Graph Neural Network (GNN) based model (i.e., MISM) was trained and 
tested on the generated data for its scenario of use. The proposed 
approach was tested on two scenarios in which a specific MISM was 
configured to predict nodal displacements in the case of 2D and 3D truss 
structures. The performance of the MISM was compared with a standard 
surrogate model, SM, such as the Feed-Forward Neural Network, FFNN. 
The results highlighted that MISM performed better than the involved 
SM, in terms of multiple evaluation metrics. Also, the related images 
graphically visualizing the predicted quantities over the ground truth 
supported this evidence, showing a less scattered MISM prediction in 
comparison to the SM. 

In general, this work aims to contribute to the research field of 
Physical-Informed Artificial Intelligence tools, which can empower the 
application of new technologies in the structural engineering field. 
GNNs could represent an outbreaking technology for DL applications in 
structural engineering, specifically due to the strong mechanics-based 
nature of the investigated problems. Even if DL is already deeply used 
in many structural engineering tasks, its use still appears to be an 
attempt to transfer alien practices from the far research field. 

Looking at the proposed application, some limitations should be 
highlighted. First, it is necessary to dispose of dedicated performative 
hardware: the training phase of these models is high-demanding in 
terms of computational effort on standard hardware. The problem could 
be overcome by accessing paid computational resources available (e.g., 
Google cloud computing services). Still, another con is related to the 
model training phase, which results slower than standard non-graph- 

based architectures. In fact, the FFNN was trained in about twenty mi
nutes on the hardware used, while the MISM required about one hour for 
training. However, the main advantage of the proposed approach is the 
achievement of better predictive performance. This aspect supports the 
statement about the improved representativeness of physical and 
structural systems and allows the authors to accept this trade-off be
tween performance and effort in training. In the end, it is worth speci
fying that graph-based technologies are still poorly explored in their 
applications to fields such as structural engineering and then, they 
feature less maturity than standard DL and ML, which are already 
strongly employed. 

Although the application of the methodology was tested on simple 
cases, the potentialities of the approaches are evident, and many di
rections could be explored in the future using physically informed 
models, such as new optimization tools for designing new structures. 
Still, different fields of structural engineering could take advantage of 
the proposed approach, for example, to provide new automated pro
tocols in the production of new structural materials (e.g., [62–64]). 
Finally, the nonlinear behaviour of existing structures could be pre
dicted by reducing the computational efforts required when dealing 
with the nonlinearities of complex structures. 
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