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ABSTRACT

Structural optimization plays a critical role in achieving efficient material utilization and maximizing structural
performance. However, conventional approaches often suffer from high computational costs due to their iterative
nature. Incorporating code-compliant design criteria enhances structural integrity and practical applicability but
further escalates computational demands. This study presents a convolutional neural network-based framework
augmented with a member section classification algorithm, achieving over a sixfold improvement in computa-
tional efficiency for generating code-compliant skeletal structures. The proposed workflow generates robust,
ready-to-assemble frame designs based on user-defined parameters such as boundary conditions, initial domain
geometry, and loading scenarios. Unlike most existing approaches that focus solely on material layout, this study
introduces a method capable of jointly determining both structural topology and member dimensions, which is
essential for creating assembly-ready designs. Generative convolutional neural models achieve over 91 % ac-
curacy in generating optimal frame images. However, by integrating a strategic geometric feature identification
algorithm, geometric features are identified with near-perfect accuracy, effectively overcoming the inherent
limitations of generator-induced losses. The effectiveness of the approach is demonstrated through multiple case
studies, validating the accuracy of predicted member sections under combined axial, bending, and shear loading,
in accordance with established design codes. By incorporating a robust geometric feature extraction mechanism,
the framework reliably produces designs that pass critical integrity checks and can be applied across multiple
engineering domains.

1. Introduction

optimal skeletal structures consisting of 1D linear members: ground
structure-based and continuum-based algorithms [7]. In the ground

Structural optimization aims to find the specific spatial distribution
of material to achieve minimum weight (material usage), strain energy
(compliance), cost, embodied carbon, or other metric, to resist a given
loading while satisfying various constraints, such as a limit stress or
displacement. Conversely, the aim may be to maximize capacity for a
given material volume. Structural optimization takes various forms,
including topology, size, layout, and shape optimization [1-3]. Struc-
tural optimization bridges the scientific fields of engineering, mathe-
matics, and computer science [4], with applications ranging from
aerospace [5] to civil engineering [1,6] and beyond.

Two main optimization techniques can be identified, which result in

structure approach, the initial domain is discretized using a dense grid of
nodes, which are interconnected to a very high degree with potential
members. A linear programming problem is then solved to minimize
volume under equilibrium and stress/strain constraints [7-12]. In
contrast, continuum-based optimization starts from a continuum
domain, pixelated (in 2-dimensions) or voxelated (in 3-dimensions),
from which material is removed to obtain the optimal skeletal struc-
ture [13-16].

Continuum-based optimization typically leads to an optimal topol-
ogy, i.e., it indicates the nodal positions and the connectivity between
these nodes. Further processing is then needed to automatically extract
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the geometry and conduct further size/shape optimization at the
member level. Various workflows to achieve this have been proposed
byTomsi¢ and Duhovnik [17], Yin et al. [14], Xia et al. [18], and
Tsavdaridis et al. [19].

Previous efforts have been made in literature to integrate optimiza-
tion with structural integrity checks (beyond the basic requirement of
limiting the cross-sectional stress to a material-specific value). For
instance, Poulsen et al. [20] proposed a method to address local and
global buckling in truss optimization. Similarly, member buckling was
considered by Madha et al. [21], Cai et al. [22], and Schwarz et al. [23].
Furthermore, Pederson & Nielsen [24] considered eigenfrequencies,
displacements, and stress constraints within their optimization frame-
work. Sarma et al. [15] introduced other design checks, particularly the
interaction of axial force and bending at the cross-sectional level. He
et al. [25] proposed an optimization approach considering discrete
section sizes, accounting for single or multiple load cases and unequal
limiting strengths in tension and compression. Zegard & Paulino [26]
used similar concepts and extended them to 3D trusses [9]. Pastore et al.
[27] used a risk-factor approach in the topology optimization of con-
crete structural elements to ensure the Von Mises stress criterion is met.

In civil and mechanical engineering, machine learning techniques
have been successfully applied across various domains [28], [29], [30].
Specifically, their use in structural optimization is particularly prom-
ising, as these methods can offer substantial reductions in computational
time relative to traditional iterative approaches. Nguyen et al. [31]
presented a Feed Forward Neural Network (FFNN) to predict optimal
cross-sections of 2D and 3D trusses for a given applied load and allow-
able stress. Nguyen et al. [32] and Yucel et al. [33] similarly used FFNN
for size optimization of trusses. On the other hand, Nourian et al. [34]
and Zheng et al. [35] employed Graph Neural Networks (GNNs) for truss
size optimization, representing truss joints and members as graph
vertices and edges, respectively. There are several noteworthy imple-
mentations to predict optimal truss topologies using computer vision
neural networks. Sosnovik & Oseledets [36], Banga et al. [37], utilized
Convolutional Neural Networks (CNNs) to predict topology-optimized
results by using images of the partially topology-optimized structure
as inputs. Further, Zheng et al. [38] used a U-Net CNN architecture to
produce images of topology-optimized frames, incorporating volume
fractions and forces as inputs. Senhora et al. [39] proposed a general-
izable and scalable workflow to generate topology-optimized structures
by refining coarse material distributions into finer, optimized outputs
using CNNs. Moreover, Herath & Haputhanthri [40] introduced a
workflow using a conditional Generative Adversarial Network (cGAN)
to predict optimal topology structures, stress distributions, and failure
points. In other noteworthy work, Neural Ordinary Differential Equa-
tions (NODEs) were applied to predict topology-optimized structures
with unseen boundary conditions by Ma et al. [41].

Previous studies have demonstrated the feasibility of computer
vision techniques in capturing structural topologies. CNNs are particu-
larly suited, as they specialize in grid data, particularly images. First
introduced by Yann et al. [42], CNNs have been extensively applied to
image classification [42], [43], [44], image generation [45], and natural
language processing [46]. They are designed to learn spatial hierarchies
of features through backpropagation by using convolutional blocks
adaptively. Transposed convolutional layers can reconstruct images into
higher-resolution images, which is termed super-resolution imaging [47,
48]. While overfitting is a potential problem in CNNs, using dropout and
batch normalization layers after convolutional or transpose convolu-
tional operations usually offers a solution [49].

The integration of guidelines from design standards into machine
learning based optimization usually increases computational costs. It
emphasizes the requirement of enhancing the efficiency of machine
learning techniques. Although there have been significant advances in
topology optimization, limited research has focused on predicting
practical and code-compliant skeletal structural topologies.

Previous studies have utilized computer vision techniques, such as
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CNNs and GANS, for predicting topology-optimized structures; however,
their application to skeletal structures remains unexplored. Further-
more, to the best of the authors’ knowledge, direct prediction (input-
model-output) topology optimization implementations are limited to
fixed design domains because of the requirement to maintain fixed input
and output dimensions for these models. Additionally, producing prac-
tically applicable designs considering code guidelines using computa-
tionally efficient machine learning techniques has rarely been addressed
in the literature. This study addresses these gaps through the following
key contributions:

1.A CNN- and image processing-based technique that predicts stan-
dardized optimal cross-sections and the geometric arrangement of
members for skeletal structures with a significant computational
advantage.

2.An optimal section identification strategy based on image pro-
cessing that generalizes the framework’s applicability even when the
design domain varies and provides a method to compensate for errors
arising from unavoidable image generator-induced losses.

3.Prediction of practically applicable designs that satisfy code-
stipulated guidelines; specifically, the optimization results comply
with design rules in EN 1993-1-1: Design of Steel Structures [50].

The rest of the paper is organized as follows: Section 2 presents the
methodology. It details the workflow for generative optimal design of
code-compliant two-dimensional skeletal structures. This includes
dataset generation, as well as how each stage of the workflow works: the
low-resolution optimized layout generator (CNN64), the high-resolution
spatially generalized frame generator (CNN512), and feature extraction
on the optimized frame. Section 3 describes the experiments. These
cover dataset generation, model training error estimates, and section
identification algorithm calibration. Section 4 discusses the results and
analysis. This includes model training and testing, architecture-sensitive
quantitative analysis, and computational cost comparison. Section 5
summarizes the conclusions.

2. Methodology

In this study, a workflow is presented for the generative design of
code-compliant two-dimensional skeletal structures using convolutional
neural networks. Both cantilever and simply supported configurations
are considered, and in each case the problem was defined by three
design variables: the dimensions of the rectangular design domain (span
.7 and height .7') and the magnitude of the concentrated load .7, which
are collated in the input vector (., 7’,.7 ). The output of this surrogate
model consists of the geometric details of the optimal skeletal structure.
It is noted that in this implementation, further reduction considering
/7 and .7 /.7 as inputs is not feasible due to the use of standardized
cross-sections. Firstly, code-compliant topology, size, and layout-
optimized frames are generated by a specialized algorithm. The result-
ing frame geometry is rendered to a black-and-white image and then
scaled to appropriate dimensions so that it can serve as the target for two
separate CNN models in Stage 1 and Stage 2 (see Fig. 1). Further details
of the model-training procedure (including loss functions, hyper-
parameter settings) and data generation (including optimization-related
parameters) are provided in Section 3.1. In the evaluation or application
stage, the workflow comprises three stages, which are illustrated in
Fig. 2. In the succeeding discussion, we use the notation CNN(-) to
denote a CNN with an output resolution of (-) x (-). For instance, CNN64
generates output of resolution 64 x 64.

2.1. Stage 1: Low-resolution optimized layout generator - CNN64

In Stage 1, the input vector (.&,.7,.7) is mapped to a 64x 64 coarse
binary layout using an autoencoder-style convolutional neural network
(AE-CNN). The 3D input passes through fully connected layers with
Batch Normalization and ReLU activations, producing a 256-dimen-
sional latent vector. This is reshaped and decoded via transposed con-
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Stage 0: Dataset generation and training convolutional neural networks
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Fig. 1. Data generation workflow for Stage 1 and Stage 2 CNN models.

volutional blocks (Deconv + BN + ReLU). A sigmoid activation in the
final layer outputs a binarized image indicating material presence per
pixel. The full pipeline is shown in Fig. 2 (Stage 1).

2.2. Stage 2: High-resolution spatially generalized frame generator -
CNN512

Stage 2 refines the Stage 1 output and integrates section-size infor-
mation to generate a 512x 512 binary image of a code-compliant frame.
This encoder—decoder network features two input paths Path A (sec-
tion-size branch) processes the design variables .7, /7,.7 through fully
connected layers with BN and ReLU to form a 256-dimensional latent
vector. Simultaneously, the Layout Branch processes the 64 x 64 binary
image from Stage 1 via convolutional layers with BN, ReLU, and
dropout, yielding another 256-dimensional latent vector. These are
concatenated into a 512-dimensional representation, which is decoded
through transposed convolutional blocks (Deconv + BN + ReLU). A final
sigmoid activation produces the binarized 512 x 512 output, capturing

both topology and member sizing. The architecture is illustrated in Fig. 2
(Stage 2 panel).

2.3. Stage 3: Feature extraction on the optimized frame

Starting with the Stage 2 results, Stage 3 identifies geometric details
(the section properties, node coordinates) of the optimal structure. As
illustrated in Fig. 2 (Stage 3 panel), this feature identification algorithm
performs three separate tasks: image resizing, node detection, and sec-
tion identification. These tasks are each explained in more detail below.

2.3.1. Output image resizing

Stage 2 always generates spatially generalized images with 512 x
512 resolution, irrespective of the size of the initial design domain. This
output needs to be resized to the correct scale before identifying the
features of the optimal frame, such as the nodal coordinates and the
assigned section sizes. An image with the correct scale is obtained by
resizing to an image of width w = 512, and height h =
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Stage 1: Low-resolution optimized layout generator - CNN64

I 0 B

(span, height, load) 16 256 (256,1,1) (1284.4) (64.8.8) (32.16,16)(1632,32) (1,64,64) (1,64,64)

[ ] FC+ReLU Reshape [] DeCOV+ BN +ReLU [] DeCOV + Sigmoid

Stage 2: High -resolution spatially generalized frame generator - CNN512

Encoder
(256,1,1)
m—>|:|—>|:|—>|:|—>|:|—>|:|—> H Decoder
(1,64,64)  (832,32)(16,16,16) (32,8,8) (64.4,4) (1282.2) (256.2.2) (64,8.,8) (16,32,32) (4,128,128) (1,512,512

I |:| |:| s12,1,0) (1284.4) (32,16,16) (8,64.,64) (2.256,256)

256 (256,1,1)

ENEEEENE

Path A <

] CONV+ReLU + DO Reshape Concatenate

[J FC+ReLU [ DeCOV + Sigmoid [ DeCOV + BN + ReLU (1,512,512)
e 1
= el

Stage 3: Feature extraction on the optimized frame

ey H x scale N,
512 A A, T @ A A
512 Skeletonized image Node identification
— I e t from the skeleton
512 mage resized to
correct aspect ratio
Output from Stage 2

/ \/A\/_\ «— ﬁ'-.i'rj ..-'L.-' i

((i 3x4 —
2 s 4 4x4 4 Ax4 axd
/ \ / \ Isolating members Removing misidentified

nodes

Errors in section
< identification + generator
induced errors

Frame with known

Correlation between image
geometry

thickness and standard section size

* scale = (512 - an)/S

Fig. 2. Three-stage proposed workflow for generative design of code-compliant optimized frames.



N. Jayaweera et al.

(-7 x scale +2n,). The scale = .7/.7%, and n, is the number of padding
pixels. Padding is introduced during data-set generation to ensure that
members located near the boundaries of the design domain (with finite
thickness) are not inadvertently truncated when the image is cropped to
the prescribed span and height. Specific values of n, used in numerical
implementations are discussed in Section 3.1.4.

2.3.2. Node detection

Features like the cross-section size of members cannot be identified
without first isolating members in the resized image. We explore two
possible methods to isolate members: (a) detecting nodes as intersection
points of straight lines identified by the Hough transformation [51,52]
and (b) determining nodes using a skeletal pixel-chain. The Hough
transformation identifies a straight boundary between feature pixels and
background pixels. However, even after training, the generator exhibits
residual prediction errors, manifested as blurred boundaries at member
edges and junctions, which reduce line-detection accuracy. Therefore,
the second option, in the form of a skeletonization-based method, as
expounded in references [11-13], was pursued. Skeletonization was
performed using the Zhang-Suen thinning algorithm [53] to reduce
member pixels to a 1-pixel-wide chain. Pixels in the skeletal chain are
categorized into joint, end, and regular pixels based on their connection
with neighboring pixels. However, it has the drawback that when
thicker members are connected at a node, there is a possibility of
mistakenly identifying multiple nodes instead of just one. To avoid this,
nodes within a predefined radius of each other are averaged.

This misidentification of nodes arises from the nature of the
Zhang-Suen thinning algorithm. At junctions where two members
connect, the overlapping region contains more pixels than the width of
the individual members. As a result, the algorithm produces short
skeleton branches or pixel clusters instead of converging to a single point
(as shown in Fig. 2, Stage 3; Node identification from the skeleton sub-
figure). Theoretically, this artifact appears when member widths exceed
two pixels. In such cases, the maximum distance between pseudo nodes
is roughly half the sum of the connecting member widths. Because the
exact widths are unknown before member isolation, a predefined radius
is used to average node locations. In this study, the radius corresponds to
the maximum expected member width of 48 pixels. This approach en-
sures that all pseudo-nodes separated by less than the maximum possible
width are merged effectively. After identifying the node points, the
structure can then be decomposed into individual members.

2.3.3. Section identification

Once nodal coordinates and member connectivity are established,
the next step is to determine the discrete cross-section size for each
member by measuring its pixel width in the resized image. Denote by N,
the total number of members, and for each memberi € {1,2,...,Ny} let
D; be its pixel-width and 6; its inclination angle with respect to the
horizontal axis. A two-pass connected-component labelling algorithm
(see [54]) is first applied to the binary image so that all foreground
pixels belonging to member i receive the same label. The total number of
pixels in this connected component is denoted by A;. Next, the
minimum-area bounding box that encloses all pixels of member i is
computed; let B; and T; be the width and height, respectively, of this
bounding box (see Fig. 2, which illustrates bounding boxes in red for an
inclined member (member 4) and a horizontal member (member 5)).

The geometric relations in Egs. (1a) and (1b) were derived by
modeling each pixelated member as a thin rectangle with uniform
thickness. D;, inclined at an angle 6;. The total pixel count A; approxi-
mates the area D; x l;, where ; is the centerline length. Using bounding
box dimensions B; (width) and T; (height), the equations match the
projected geometry. The width B; equals the horizontal projection of the

_ Aicos(6;)
==

length plus the vertical projection of the thickness: ; ,S0B; =

lin + D;sin 6;. Similarly, the height T; equals the vertical projection of

_ Aisin(6;)
==

the length plus the horizontal projection of the thickness: 1;, , SO
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T; = l;, + D;icos 6;. Hence, the following geometric relations hold:

Accos(6;
B, = 2€00) b inioy (1a)
D;
A.sin(0:
T, = %(gl) + Dicos(;) (1b)
i

Once member pixel widths have been determined, they are mapped
to standard section sizes using the lookup values in Table 3. This map-
ping table is constructed by first establishing the nominal correspon-
dence between pixel width and section dimensions and then adjusting
for the uncertainties introduced by Stage 3 measurement error and re-
sidual generator inaccuracies. Further details regarding the error
quantification and calibration process are provided in Sections 3.2.2 and
3.3.3.

2.4. Implementation details

The entire workflow is developed in a Python environment [55]. The
CNN models in Stages 1 and 2 were implemented using PyTorch 2.8.0
[56] with CUDA 12.6 [57] acceleration for GPU training. The feature
extraction algorithm (Stage 3) was also coded in Python [58], leveraging
scikit-image (v 0.25.0) [58] for skeletonization and OpenCV (v
4.10.0.84) [59] for two-pass connected-component labeling and
bounding box computation.

3. Experiments
3.1. Data generation

The optimization algorithm developed by Sarma et al. [15], imple-
mented in-house using written Python code, was used to generate
training data for the model. The data generation workflow consists of six
steps: (a) conducting a topology optimization, (b) extracting the medial
(skeleton) axis from the topology-optimized frame, (c) converting the
skeleton chain to Euler-Bernoulli frame members using a graph model,
(d) removing redundant and short members by merging and pruning, (e)
iterative size and layout optimization equipped with finer merging and
pruning, (f) structural analysis, integrity check based on EN 1993-1-1
[60] and assignment of standard section sizes for cost optimization (See
Fig. 3). This study assigns standard Circular Hollow Sections (CHS) to
the optimal frame as per EN 10210-2:2019: Hot finished steel structural
hollow sections [61]. For application 1 (cantilever problem), 1708 data
points were generated, whereas for application 2 (simply supported
problem), 1783 data points were generated. Herein, 1) problem type
(cantilever or simply supported), 2) height (%), 3) span (./") of the
design domain, and 4) concentrated load value (.7) were considered as
input features. Succeeding discussions, furnish the optimization envi-
ronment (Section 3.1.1) and range of design variables (Section 3.1.2)
used to train, validate, and calibrate the proposed workflow.

3.1.1. Optimization-related parameters

In this study, the properties of structural steel S275 (elastic modulus:
210 GPa, Poisson’s ratio: 0.3, and yield strength: 275 MPa) are utilized.
However, the proposed workflow can also be applied to other homo-
geneous isotropic materials, such as aluminum and other strength
classes of steel. The topology optimization stage employs the density-
based SIMP method, with the volume fraction of 0.3 and a penaliza-
tion factor of 3. Moreover, as the mesh size 0.01 m is maintained for
topology optimization, while the filter radius is adaptively adjusted to
address mesh dependency across different design domain sizes. An in-
house developed solver, based on the optimality criteria algorithm, is
used to perform the optimization. Subsequently, the topology preserved
skeleton is extracted using a modified Zhang-Suen thinning algorithm,
as detailed in the literature [15]. Following skeletonization, redundant
and short members are removed based on the merging ratio, which is
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Fig. 3. Bounding boxes are drawn for each isolated element, and the width (B) and height (T) are determined to evaluate the member thickness using Equation (1).

defined as the ratio of a member’s length to the maximum length of any
member connected to either of its nodes. Although the merging ratio is
application-specific, values between 0.1 and 0.2 are adopted in this
study based on sensitivity analyses. Sequential size and layout optimi-
zations are then carried out using the sequential least squares pro-
gramming algorithm. Finally, the structural integrity of the optimized
design is evaluated, considering critical internal forces, maximum
displacement, and stability conditions in accordance with EN 1993-1-1
[60]. This process ultimately yields a design-informed skeletal structure.

3.1.2. Design of experiments

This paper aims to develop a novel technique for code-compliant
generative modeling. Hence, a more theoretically oriented design of
experiments is conducted to demonstrate the applicability of the
developed workflow across various settings. To this end, it illustrates the
ranges of the selected problem parameters for each problem type. For
instance, in the cantilever configuration, the domain height (/7) takes
values .7 € [0.5, 2] m, whereas domain span .”” € [1,4] m, and concen-
trated vertical load .7 € [5,200] kN is applied at the middle of the right-
hand-side edge (see Fig. 4 (top)). For the cantilever problem, 1708 data
points were generated, while for the simply supported problem, 1783
data points were generated. The number of data points reflects the size
of the variable domain space and follows the data point counts used in
previous topology optimization studies for direction prediction
(input-model-output) with computer vision models. For instance, Her-
ath and Haputhanthri [62] used 670 data points for the cantilever

P

(a) Design domain with loading
and boundary conditions

(b) Topology optimi zed structure

F E€[5.200] kN
y HC[().-").Z] m S— ><>©
. S€14m
x 1.4 M Tension M Compression
members members
FE[5,200] kN

l

HE0.52 m — m

SE[155 m o

Tension M Compression

members members

Fig. 5. Range of design variables for the (top) cantilever problem dataset
(bottom) simply supported problem dataset.

boundary condition, and Behzadi and Bi [63] used 1000 data points per
boundary condition configuration.

3.1.3. Data normalization

As a preprocessing step, the generated data is normalized to enhance
CNN training stability and convergence. This scaling ensures all inputs
lie within a uniform [0,1] range [64], [65]. The minimum-maximum
scaling technique is adopted for this study. This normalization takes
the form:

(c) Topology skeleton of the
structure

VAV VAV VAV.N

(f) Assigning section sizes based
on EN1993-1-1

(e) Size and layout optimised frame

(d) Extracted frame using
graph model

Fig. 4. Workflow for design-informed structural optimisation of 2D skeletal frames.
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— Xi — Xmin
Xi=—""— 2
Xmax — Xmin
where X;, X;, Xmin, and Xm.x are the normalized input, the original
input, the minimum, and the maximum entries of the inputs Xx;
respectively.

3.1.4. Spatial generalization

Maintaining a consistent output size for computer vision networks is
essential, particularly for generating target images of 64 x 64 and
512x 512 dimensions for Stages 1 and 2 in the proposed workflow (see
Fig. 2). To cater to this requirement, we introduce spatial generalization.
In this process, each nodal coordinate is mapped according to:

% = 2 X scale +n, 3)

where 2, and z denote the spatially generalized and physical x, y
coordinates, respectively. Employing a scale = (512—2n,)/.” with a
pixel-padding n, = 25 is suitable to generate images with the above-
mentioned dimensions. With the acquired spatially generalized co-
ordinates, the frame elements are mapped onto a 512 x 512 canvas. For
Stage 1, the elements are drawn with uniform thickness. For Stage 2,
equivalent line thicknesses are selected, resulting from structural opti-
mization. To eliminate the void region of the drawn images, both images
are cropped. The image is cropped such that the region is enclosed by the
coordinates (0,0), (512,0), (512,77 x scale+2n,), and (0,7 x
scale+2n,). Then, the Stage 1 image is resized to 64 x 64, and the Stage
2 image is resized to 512 x 512 resolution (see Fig. 1).

3.2. Calibration of the section identification algorithm

As mentioned earlier, identifying discrete member sizes is formu-
lated as a probabilistic classification task. Tolerance thresholds for
standard sections are established based on inaccuracies arising from the
computer-vision workflow. Errors may manifest through two primary
mechanisms: (a) errors introduced by the feature extraction algorithm
(see 3.2.1) and (b) inaccuracies arising from generator residual error
(see 3.2.2).

3.2.1. Errors introduced by the feature identification algorithm

The feature identification workflow introduces errors from several
sources. These include misinterpretation of nodal positions and reliance
on Equation 1, which is optimized for rectangular elements. However,
isolated members often exhibit non-rectangular shapes due to circular
punching for separation. Other key sources are spatial generalization
and resizing back to the original scale (changing resolution). We treated
these errors as a single aggregated unit. This approach captures the
overall impact on section size identification. We comprehensively
studied the errors associated with straight lines through feature identi-
fication, where straight lines were generated on images by varying the
thickness, length, and inclination of the lines, as well as the width and
height of the images. Then the thickness was identified using the fea-
ture’s identification algorithm for each straight line, and the difference
between the thickness and the identified thickness was evaluated. The
width and height of the image are analogous parameters to.”” and 7. In
this study, all variables are sparse in the domain where they vary in the
outline design problems (Section 3.1.2). Correlations between the error

Table 1
Correlation between independent variables and error in D; in the section iden-
tification algorithm calibration study.

Parameter Correlation between the error in D;
Length of the straight line -0.424
Actual thickness (D) 0.325
Inclination (6;) 0.502
Width of the image 0.078
Height of the image -0.170
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in section size and other parameters are shown in Table 1.

The correlations between the width, height, and actual thickness D;
with the error of the D; appear to be negligible as per a mutual heat-map
analysis. Similarly, the correlations of the inclination-error and actual
thickness—error are also found to be insignificant, see Table 8. Conse-
quently, a range for errors is identified instead of developing a direct
relationship between independent parameters and errors. To this end, it
was found that the (min, max) error associated with the identified sec-
tion falls within the range of (-1.5,1.5) pixels.

3.2.2. Errors introduced by the generator residual error

Residual errors persist in any trained machine learning model. These
residual errors in the trained models of Stages 1 and 2 lead to prediction
inaccuracies of Stage 3, which eventually impact the accuracy of the
identified section sizes. The total accurate count of feature pixels in a
generated image (A’) is derived by adding falsely identified feature
pixels (FN) and subtracting falsely identified background pixels (FP)
from the identified feature pixels (A). This error (e) takes the form as in
Equation 10. Considering a unit length of a member, Eq. 4a is modified
into Eq. 4b to calculate the corrected member thickness (D)) using the
determined diameter (D;) from Equation 1.

o _A-A _FN_FP

A A (42)
D:
Dj=— 4b
tol+e S

The error is shown due to the residual error in the generator as a
dataset-averaged deterministic range. Hence, the ratio e is computed for
each instance by comparing the target and predicted images across both
configurations, using the entire dataset. Table 2 shows the 95 % confi-

. 71.\9/6,'1%7/’% +1.36Flrre
mean, standard deviation for the calculated error per feature pixel (e),
and the total number of elements in the dataset, respectively. The
comparatively lower 95 % confidence interval for the simply supported
dataset is due to the lower complexity stemming from the symmetry of
the optimal designs in the dataset.

dence intervals = (ﬂ ), where y,, 0., and n are the

3.2.3. Probabilistic calibration

As standard sections, we selected CHS according to EN 10210-2
[61], where each section is defined uniquely by its standard diameter
(D) and thickness (). Standard sections are drawn in the canvas in
equivalent member diameters (D]?q) in pixels shown in Table 2 for
generated images. At this juncture, using a 95 % confidence interval, we
selected equivalent section sizes in steps of 6 pixels to prevent over-
lapping the error margin, considering both errors in feature identifica-
tion (+1.5 px) and generator residual error

Vi v
identification algorithm identifies section sizes, a standard CHS is
assigned by mapping according to Table 3. For example, if an identified
section diameter (D;) falls within (21.25,26.75) px, a 60.3 mmx mm
CHS section is proposed as per Table 3.

(imax(\ye —1.96 %, |u, +1.96"—;\> x max(D%)). After the feature

3.3. Model evaluations and error estimates
To comprehensively evaluate the fidelity of the generated binary

Table 2
Confidence intervals at a 95 % level for 1+e, accounting for errors arising
from trained models.

Dataset 95 % confidence interval for 1 + e

(0.982,0.988)
(0.986,0.991)

Cantilever
simply supported
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Table 3
Mapping of CHS diameters from [61] to the equivalent D;? in the CNN-predicted
image.

Standard section
D; (mm)x% (mm) [61]

Equivalent diameter in
the resized image D;? (px)

Dj € D{* +2.75 (px)

21.3x 3.2 6 (3.25,8.75)
33.7x 4 12 (9.25,14.75)
42.4x 4 18 (15.25,20.75)
60.3 x 4 24 (21.25,26.75)
76.1 x5 30 (27.25,32.75)
88.9x 5 36 (33.25,38.75)
114.3x 5 42 (39.25,44.75)
139.7 x 6.3 48 (45.25,50.75)

images, we adopted four established image segmentation metrics.
Herein, we define mean Binary Cross Entropy (mean BCE), Pixel Accu-
racy (ACC), True Positive Rate (TPR) (or recall), and True Negative Rate
(TNR) (or selectivity) as evaluation metrics to test generated images
from Stage 2. Mean BCE is preferred for binary image outputs because it
magnifies prediction errors for binary values [58]. ACC metric presents
the proportion between correctly identified and total pixels [59,60].
Accurate identification of member sizes is crucial in this work. Hence,
the TPR metric is chosen for its ability to gauge the proportion of
correctly identified feature pixels and total feature pixels. Similarly,
TNR evaluates the proportion between correctly identified and total
background pixels [59]. Further, the Mean Squared Error (MSE) and
BCE are employed as loss functions for training, as detailed later in
Section 4.1. The mean BCE is given in Eq. 4, and the MSE is given in
Table 4, where N and M are the total number of images and the total

number of pixels in the image, respectively. xijrue and xgre 4 are the target
value and the predicted value of the j-th pixel in the i-th image,
respectively. Table 4 lists the equations for ACC, TPR, and TNR, where
the used notations are explained in Table 4.

1 MM . . .
Mean BCE = ~NM Z [x?melog (xgred) +(1 7x?me)log(1 7xgred) ]

=1 j=1

@
4. Results and discussion
4.1. Model training and testing

We trained CNN models (Stage 1: CNN64 and Stage 2: CNN512) for
two design-informed optimization problems: cantilever and simply
supported. As Fig. 6 illustrates, both models were trained separately for
both datasets. Mean Squared Error (MSE) and Binary Cross-Entropy
(BCE) loss functions were used to evaluate the model training. Results
relevant to training and validation are based on models trained using the
BCE loss function (see Eq. 4). Following the recommendations of
Goodfellow et al. [49], the Adaptive Moment Estimation (Adam) opti-
mizer was utilized for training models with decaying rates of 0.9 and
0.99. Both models were trained for 500 epochs. The computational tasks
for training were executed on a computational unit powered by an Intel

Table 4
Evaluation metrics.
Evaluation criterion Equation
Mean Binary Cross Entropy (mean BCE) Eq. 4
Pixel Accuracy (ACC) TN + TP
TN + TP + FP + FN
True Positive Rate (TPR) TP
TP + FN
True Negative Rate (TNR) N
TN + FP

Mean Squared Error (MSE)

1 N M i i \?
NM Zi:l Zi:l (xpred - xtrue)
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(R) Core(TM) i5-8250U CPU running at 1.60 GHz. Fig. 6 illustrates the
converging learning curves of CNN64 and CNN512 models for both
cantilever and simply supported datasets.

The optimal hyperparameters, particularly the learning rate and
mini-batch size, were identified through an iterative grid search method.
This method evaluated combinations of hyperparameters using the
metrics in Table 4, and values with the highest performance are iden-
tified. The considered sets for the grid search and the obtained optimal
values for the hyperparameters are detailed in Table 5. Both cantilever
and simply supported datasets showed optimal performance with a
mini-batch size of 40 and a learning rate of 0.001 when training the
CNN64 model. In contrast, the CNN512 model required a mini-batch
size of 80 for both datasets. However, the learning rate for the canti-
lever dataset was 0.005, while the simply supported dataset required a
learning rate of 0.01. The consistency in mini-batch size suggests that
both datasets benefit from the same level of gradient estimation accu-
racy and computational efficiency during training. However, the
different learning rates suggest inherent differences in the characteris-
tics of the datasets. Specifically, the cantilever data set contains complex
patterns, thus necessitating a lower learning rate to achieve stable
learning, whereas simply supported cases have an axis of symmetry. In
this spectrum of design variables, the member cross sections in the
cantilever configuration are more sensitive during the training phase.

4.2. Architecture-sensitive quantitative analysis

In this study, models are trained on two distinct datasets. Due to each
dataset’s unique features, finding an optimum computer vision model
that works with both datasets and has fewer learnable parameters is
nearly impossible. Hence, we present the best-performing model in the
methodology, considering both datasets. This section compares three
other nearly optimal models against the proposed model
(CNN64 +CNN512) with the cantilever and simply supported datasets.
Binary Cross Entropy (BCE), pixel accuracy (ACC), True Positive Rate
(TPR), and True Negative Rate (TNR) metrics are used to validate these
three deep networks, which are discussed below.

CNNC512: The CNNC512 is an auto-encoder convolutional neural
network model designed to generate 512 x 512 binary images, tak-
ing (., 7,.7) as inputs. It features a (512,) latent space similar to
the proposed model and generates spatially generalized, design-
informed, optimized frame images without a primary generator
like CNN64. Its architecture is similar to the proposed model’s, uti-
lizing fully connected layers and transposed convolutional layers to
upsample the three input parameters into the binary image.
FFNN64 +CNN512: The FFNN64 +CNN512 models are similar to
the CNN64 +CNN512 proposed combination. Instead of a CNN, an
FFNN is utilized in this model to generate the layout of an optimized
frame. The FFNN64 model comprises fully connected layers, fol-
lowed by 1D BN, ReLU activation, and DO layers. The final layers
include a reshape layer and a sigmoid layer, converting the output
into a 64 x 64 image.

CNN64 +CNN256: The CNN64 +CNN256 model utilizes the same
architecture as the proposed model, taking (., 7, .7) as inputs.
However, produce design-informed frame images at the 256 x 256
resolution. To create datasets for the model, we downsample 512 x
512 images to 256 x 256. One convolutional block is fewer in the
CNN256 compared to the CNN512 model to decrease the resolution
by half. The justification for considering this model is to investigate
the compromise between accuracy versus computational time taken
for model calibration.

The succeeding Sections 4.3 and 4.4 discuss the applicability and
comparative performance of the proposed method using cantilever and
simply supported problems, respectively.
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Fig. 6. Color coded confusion matrix for section identification.

Table 5
Optimal hyperparameters selected through a trial-and-error method to train the
models.

Model Hyperparameter  Considered set Optimal
value
CNN64 with the Mini batch size {16,32,64,128} 40
cantilever data set Learning rate {0.0005, 0.001, 0.001
0.005,0.01}
CNN512 with the Mini batch size {16,32,64,128} 80
cantilever data set Learning rate {0.001, 0.005
0.005,0.01,0.02}
CNN64 with the simply ~ Mini batch size {16,32,64,128} 40
supported data set Learning rate {0.0005, 0.001, 0.001
0.005,0.01}
CNN512 with the Mini batch size {16,32,64,128} 80
simply supported Learning rate {0.001, 0.01

data set 0.005,0.01.0.02}

4.3. Model evaluations for the cantilever dataset

4.3.1. Optimum layout and generalized frame generator (Stages 1 and 2)
Fig. 7 illustrates a set of images predicted by each model (rows (a) to
(d)) for model-unseen input variables. The same figure depicts the
ground truth in row (e), which is generated from the validated frame-
work of Sarma et al. [15]. Table 6 presents the comparison of model
performances against predefined error metrics. The BCE metric for the
CNNC512 model is significantly higher than that of the other three
models, indicating its poorer ability to learn patterns in the cantilever
dataset. Additionally, as the target image output size increases, the ACC,
TPR, and TNR metrics improve. The FFNN64 +CNN256 model exhibits
the lowest ACC compared to other models with 512 x 512 resolution
target images. This lower ACC in the FFNN64 +CNN256 model is
illustrated by the poorly predicted images shown in Fig. 7 row (c)
compared to other rows. By adding just one convolutional block, which
results in a mere 0.037 % increase in learnable parameters, the
CNN64 +CNN512 model shows significant improvements of 22.69 % in
BCE, 0.77 % in ACC, 0.62 % in TPR, and 0.64 % in TNR metrics
compared to the CNN64 +CNN256 model. This slight increase in
learnable parameters enhances the model’s capacity and feature
extraction ability, allowing it to learn more complex patterns.

Member isolation in the feature identification algorithm ensures that
the discontinuities in predicted members do not affect the accuracy of
the identified section. However, the considerable disappearance of
members causes issues in the feature extraction process. Hence, the
CNNC512 and CNN64 +CNN256 models are not very suitable for pre-
dicting design-informed optimized frames for the cantilever configura-
tion (rows (a) and (c) in Fig. 7). Moreover, the FFNN64 +CNN512 model
and the CNN64 +CNN512 model demonstrate comparatively superior

performance across all four metrics. This is illustrated by the very similar
predictions shown in row (b) and row (d) in Fig. 7. However, the
FFNN64 +CNN512 model has 87.56 % more learnable parameters
compared to the CNN64 +CNN512 model. Between the best-performing
FFNN64 +CNN512 and CNN64 +CNN512 models, the
CNN64 +CNN512 model is selected as the optimum model for its overall
superior performance with fewer learnable parameters. Furthermore,
the generator error (e) is calculated for both the CNN64 +CNN512
model and the FFNN64 +CNN512 model using the same method
explained in Section 3.2.2. Table 7 presents

max(we —1.96%\, | +1.96 %% \) for  both  models. The

FFNN64 +CNN512 model has a 42.02 % higher

max(lue —1.96%\, |He +1.96% \) value  compared to the

CNN64 +CNN512 model, indicating a significantly larger generator
error. Therefore, we claim that the CNN64 +CNN512 model is the
overall best-performing model, as it has a lower generator error and
fewer trainable parameters.

4.3.2. Feature extraction on the optimized frame (Stage 3)

Herein, the accuracy of the proposed probabilistic section identifi-
cation algorithm for the cantilever dataset with . =2.4m, 7 =0.8 m,
and .7 = 80 kN is discussed. The same is summarized in Table 8 with
members defined as per Fig. 8. As given in Equation 6, we selected the
tolerance margin for equivalent section sizes to prevent section
misidentification through statistical tools. The results in Table (compare
the true section sizes in column 2 versus the predicted section sizes in
column 6) demonstrate the higher accuracy of the section identification
of the predicted optimal structure.

4.4. Model evaluations for the simply supported dataset

4.4.1. Optimum layout and generalized frame generator (Stages 1 and 2)

The higher ACC, TPR, and TNR metrics for each model on the simply
supported dataset are attributed to the problem’s lower complexity,
resulting from symmetry and less variation in section sizes compared to
the cantilever dataset. However, like the cantilever dataset, the
CNNC512 model demonstrates poor learning ability, as evidenced by its
significantly higher mean BCE value than the other three models.
Additionally, the CNNC512 model exhibits the poorest performance
across the other three metrics. The blurry image shown in Fig. 9 provides
evidence for poor prediction from the CNNC512 model. Enhancing the
CNN64 +CNN256 model to the CNN64 +CNN512 model results in
improved performance across all four metrics. As shown in Table 9 mean
BCE, ACC, TPR, and TNR are improved by 41.68 %, 0.53 %, 1.04 %, and
0.42 %, respectively. Despite having 87.56 % more learnable
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Fig. 7. Training and validation BCE loss curves for models in the proposed workflow.

Table 6
Evaluation metrics for selected models trained with the cantilever dataset. All
models are trained with optimal hyperparameters prior to this evaluation.

Table 8
Accuracy of the section identification for cantilever problem with .= 2.4 m,
2= 0.8 m, .7 = 80 kN. (Member indices are shown in Fig. 8).

Model Trainable Mean ACC TPR TNR
parameters BCE
CNNC512 2815,733 7.934 0.917 0.807 0.948
FFNN64 +CNN512  7909,389 0.333 0.917 0.807  0.947
CNN64 +CNN256 4215,350 0.401 0.911 0.802  0.942
CNN64 +CNN512 4216,910 0.310 0.918 0.807 0.948
Table 7

Comparison of generator error (e) between CNN64 +CNN512 and
FFNN64 +CNN512 models for the cantilever dataset.

Model 0 o
max(\yz 71.967; |, e +1,967;\)

FFNN64 +CNN512 2.535 x 1072

CNN64 +CNN512 1.785 x 102

parameters, the FFNN64 +CNN512 model shows inferior performance
in comparison to the proposed CNN64 +CNN512 model. Herein, per-
formance reductions of 54.14 % in BCE, 0.95 % in ACC, 2.63 % in TPR,
and 0.52 % in TNR metrics are observed. This is caused by the FFNN’s
poorer learning capability with grid-type data when compared to CNNs
[32]. For ACC, TPR, and TNR metrics, the CNN64 ~-CNN256 model’s
performance is greater than the FFNN64 +CNN512 model. Hence, the

10

Member  Section by [15] Equivalent D; Error Proposed
D (mm) x thickness (px) (px) section

t (mm) (px) D (mm)x

t (mm)
M} 76.1x 5 30 28.24 1.76 76.1x 5
M2 33.7x 4 12 13.34  -1.34 33.7x 4
M2 33.7x 4 12 1317 -1.17 33.7x 4
M‘c‘ 76.1 x 5 30 27.36 2.64 76.1x 5
Mg’ 42.4x 4 18 20.44 -2.44 424 x 4
Mg 42.4x 4 18 15.91 2.09 424 x 4
M’ 33.7x 4 12 12.71 -0.71 33.7x 4
Mg 42.4x 4 18 19.49 -1.49 424 x 4
m? 33.7x 4 12 11.55 0.45 33.7x 4
M0 33.7x 4 12 10.66 1.34 33.7x 4
M 33.7x 4 12 1438  -2.38 33.7x 4
M2 33.7x 4 12 1473  -2.73 33.7x 4
M3 33.7x 4 12 10.14 1.86 33.7x 4
Mi“ 33.7x 4 12 9.93 2.07 33.7x 4

best two CNN64 +CNN256 and CNN64 +CNN512 models are consid-
ered for further generator loss analysis.
Table 10 shows the generator relevant

loss parameter

max(|,ue —1.96 7|, |u, +1.96 7= |> for =~ CNN64 +CNN256  and
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Fig. 8. Visual comparison of predictions on unseen data: (a) CNNC512, (b) FFNN64 +CNN512, (c) CNN64 +CNN256, (d) CNN64 +CNN512, (e) ground truth for the

cantilever dataset.
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Fig. 9. Topology-size-layout optimal structure and its member identifiers for the cantilever problem with . = 2.4 m, .7 = 0.8 m, and .7 = 80 kN.

Table 9

Evaluation metrics for selected models trained with the simply supported
dataset. All models are trained with optimal hyperparameters prior to this
evaluation.

Model Trainable Mean ACC TPR TNR
parameters BCE
CNNC512 2815,733 6.747 0.932  0.841 0.959
FFNN64 +CNN512  7909,389 0.632 0.937 0.851 0.962
CNN64 +CNN256 4215,350 0.703 0.941 0.865 0.963
CNN64 +CNN512 4216,910 0.410 0.946 0.874 0.967
Table 10

Comparison of generator error (e) between CNN64 +CNN256 and

CNN64 +CNN512 models for the simply supported dataset.

Model o, o
max(\ﬂe —1.967; |, e +1.967;\)

CNN64 +CNN256 2.005 x 1072

CNN64 +CNN512 1.352x 1072

CNN64 +CNN512 models. The CNN64 +CNN256 model has a higher
generator loss (48.30 %) compared to the proposed model. Hence, the
CNN64 +CNN512 model is evident to be the best-performing model.

4.4.2. Feature extraction on the optimized frame (Stage 3)

The accuracy of the proposed probabilistic section identification al-
gorithm, applied to the simply supported problem with parameters.” =
3m, 7 =1m,and .7 = 130 kN (see Fig. 10), is quantified in Table 11.
Similar to the observations made in conventional methods [15], it is
evident that the predicted section sizes are in complete agreement with

11

the section sizes in the test dataset.

4.5. Computational cost comparison

We compare the computational cost of the proposed design-informed
optimization algorithm with the existing approach presented by [15],
applied to various design domains and concentrated loads. The com-
parison was conducted using an Intel(R) Core(TM) i5-8250U CPU @
1.60 GHz computational unit. In the proposed workflow, the time
required to generate high-resolution images of spatially generalized
optimized frames in Stages 1 and 2 is negligible, as shown in Table 12.
For Stage 3, the computation time varies, with a mean of 16.31 s and a
standard deviation of 6.51 s, depending on the specific problem pa-
rameters. In contrast, the computational cost in the existing framework
proposed by Sarma et al. [15] escalates significantly as the number of
elements and the design domain dimensions increase. To achieve opti-
mized results using [15], the algorithm often requires multiple iterative
executions, with adjustments to critical parameters such as the merging
ratio. Herein, Table 12 assumes that the optimal results of Sarma et al.
[15] are achieved on the first attempt, hence the best timing. In com-
parison, the proposed method demonstrates that the result generation is
independent of the design domain dimensions. Table 12 clearly illus-
trates that the proposed framework offers significant time savings
compared to the existing method.

4.6. Limitations and research prospects

Although this work is novel in the computational structural optimi-
zation domain, a few limitations and future areas for research are out-
lined here. In this study, we investigated the applicability of the
workflow specifically for simply supported and cantilever boundary
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Fig. 10. Visual comparison of predictions on unseen data: (a) CNNC512, (b) FFNN64 +CNN512, (c) CNN64 +CNN256, (d) CNN64 +CNN512, (e) ground truth for

the simply supported dataset.
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Fig. 11. Topology-size-layout optimal structure and its member identifiers for the simply supported problem with S= 3 m, H= 1 m, F= 130 kN.

Table 11
Accuracy of the section identification for simply supported problem.” = 3m, 7
=1m, .7 =130 kN. (Member indices are shown in Fig. 10).

Member Section by [15] Equivalent D; Error Proposed
D (mm) x thickness (px) (px) section

t (mm) (px) D (mm) x

t (mm)
ML 42.4x 4 18 16.31 1.69 42.4 % 4
M2 60.3 x 4 24 23.66 0.34 60.3 x 4
M3 60.3 x 4 24 23.58 0.42 60.3 x 4
M;‘S 424 x 4 18 15.29 2.71 42.4 x 4
MZ, 33.7x 4 12 1298 -0.98 33.7x 4
M 42.4 % 4 18 18.76  -0.76 42.4 % 4
MZS 33.7x 4 12 11.85 0.15 33.7x 4
Mgs 33.7x 4 12 11.43 0.57 33.7x 4
M?S 33.7x 4 12 11.64 0.36 33.7x 4
ML 33.7x 4 12 11.1 0.90 337x 4
ML 33.7x 4 12 11.57 0.43 33.7x 4

conditions, each with a single concentrated load configuration in a 2D
continuum domain. The scalability of the proposed workflow to other
problems, such as multiple loadings, different boundary conditions, and
3D continua, remains to be studied. The methodology is inherently
extensible to account for such variations but requires additional data set
generation, model training, model architecture changes, and calibration
of the section size identification algorithm. Another limitation is the sole
use of CHS sections in the predicted frames, which should be extended to
other standard sections.

5. Conclusions

This study investigates the application of computer vision techniques

12

Table 12
Computational cost comparison between existing and proposed methods.

Test case (.//(m), Time taken by Time taken by

Z(m),.7 (kN)) existing algorithm Stage 1 and
[15] (s) Stage 2
Simply (4.00,2.00,10) 1089.1 0.034
supported (3.50,1.50,75) 298.4 0.056
(4.00,1.75,140) 521.6 0.034
(3.00,1.25,100) 222.8 0.028
(2.50,1.00,135) 140.7 0.046
(2.00,0.80,120) 94.8 0.038
Cantilever (5.00,2.00,5) 724.0 0.038
(3.00,0.70,95) 219.2 0.039
(5.00,1.50,200) 711.5 0.042
(4.20,1.50,105) 408.2 0.041
(4.50,1.50,120) 423.1 0.034
(3.50,1.80,105) 405.1 0.041

to skeletal-structure optimization, an area that remains unexplored. It
addresses these gaps by introducing a CNN- and image-processing-based
technique that predicts standardized optimal cross-sections and the
geometric arrangement of members for skeletal structures, offering
significant computational advantages. Furthermore, direct prediction
topology-optimization implementations are limited to fixed design do-
mains. This limitation arises from the need to maintain fixed input and
output dimensions for these models. In this study, we propose a strategy
to treat the design domain as a variable. Additionally, the proposed
workflow yields practically applicable designs that consider code
guidelines and standard section sizes, which have rarely been addressed
in the literature.

The proposed three-stage workflow combines two convolutional
neural networks: CNN64 (Stage 1) and CNN512 (Stage 2), with a
probabilistic geometric feature extraction algorithm (Stage 3) to predict
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structurally viable skeletal configurations based on just three intuitive allow readers to replicate the presented results. All models and data

input parameters: domain span, domain height, and applied load. could be shared upon a reasonable request to the corresponding author.
The CNN-based models achieve high predictive accuracy, generating
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Annexure

A. Design provisions from Eurocode 3 for code-compliant member sizing

This section outlines the key design provisions from Eurocode 3: Design of steel structures — Part 1-1: General rules and rules for buildings [50]
applied in this study for verifying member resistances under pure or combined actions, including axial tension, axial compression, bending, and shear.
In the study, cross-section classes 1-3 are considered for strength checks; class 4 sections are excluded from compression and bending design in this
study. Welded joints are provided. All partial safety factors follow the UK National Annex [66], withy,,, and y,, taken as 1.0 unless stated otherwise.

A.1. Cross-section and member resistances

A.1.1 Tension Members

The design tensile resistance is the capacity that the member can safely carry in tension. For steel sections, EN 1993-1-1 prescribes that this
resistance is the smaller of (i) the plastic resistance of the gross section and (ii) the ultimate resistance of the net section, where holes or fasteners could
reduce strength. In this study, because connections are welded and do not introduce net-section reductions at holes, the design tensile resistance
reduces to the plastic resistance of the gross cross-section. Denote:

Nird = Npira = Afy/VMO = Afy A

where A is the gross area and f; is the yield strength. The corresponding area requirement under a design axial tensile force N;gq is:
A= Nusa [fy a2)

A.1.2 Compression members (cross-section resistance)
For non-slender (Class 1-3) cross-sections, the design plastic resistance in compression is:

Nera = Afy / Ym0 = Afy (A3)

and the minimum gross area to carry a design compressive force N, g4 satisfies:
A= Nega [y a4)

A.1.3 Flexural buckling of members
Buckling resistance is evaluated with the reduction factor (y) per the EN 1993-1-1 column curves. For members in Circular Hollow Sections (CHS),
which provide high radii of gyration for a given mass, the design axial buckling resistance is:

A
Npra = vl (A5)

ml

13
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with a reduction factor:

1
y=———=—""<10 (A6)
o+\e? -7
and
@=05[1+a(1-0.2)+7] (A7)

The imperfection factor « can be obtained from EN 3 Table 6.1. Non-dimensional member slenderness X ~ is given by,

1= \/E (A8)
Of

The elastic flexural buckling stress is:
m2El

A9
A(KL)? (A9)

OF =

with E the elastic modulus, I the second moment of area, L the system length, and K the effective length factor. For the fixed-ended members in the
rigid frames considered, K = 0.7.
For thin-walled CHS, local shell buckling and global flexural buckling provide additional geometric constraints. The elastic local buckling stress is:

2E t t
6, = ———— -~ 1.21E- A10)
LB d d (
The average axial stress under force N gq is:
Nc Ed
=21 All
0= (A11)
Equating o, o1, and o5 for CHS using I/A ~ d?/8 form practical lower bounds for the wall thickness tand diameter d as follows:
0.5
t>0.513 (Ng‘“) (A12)
N 1/6
d > 0.627 (%) (A13)
To limit excessive flexibility and avoid overly slender members in service, the following upper bound is used as per Ye et al. [67]
L
A= A <150 (A14)
where i = /I/A is the radius of gyration.
A.1.3 Bending resistance
Bending resistance depends on cross-section class. For Class 1 and 2 sections:
w,
M. ra = Mpira = oy (A15)
Ymo
For Class 3 sections:
W .
M. ra = Mera = Weminfy (Ale)
VMo

where Wjis the plastic section modulus and Wy i, is the minimum elastic section modulus about the relevant axis. Since the considered CHS in the
study has the same flexural stiffness in any axis, they are susceptible to lateral torsion buckling; hence, the check was omitted.

A. 1.4 Shear resistance

In the absence of significant torsion and for standard shapes, the plastic shear resistance:

Afy

Verd = Vpira = N (A17)
Mo

with A,the shear area; for CHS, A, = 2A/z. Applied shear load should be limited to the shear resistance given by A17 for pure shear situations.

A. 1.5 Bending shear interaction

Where the design shear force exceeds half the plastic shear resistance, EN 1993-1-1, 6.2.8, requires a reduction in the effective yield strength for
bending. The reduced yield strength is:

Ve \*
fy.new = (1 f/))fywherep = (V - 1) (A18)

PLRd
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and the moment resistance is then recalculated using fy new. Here Vg is the design shear force and Vj; 4 is given by Equation (A.17)

A.1.6 Combined Bending and Axial Action

In frame members subjected to both bending and axial forces, it is essential to assess interaction. In 2D studies, bending moments are uniaxial, and
for CHS with adequate restraint, lateral-torsion effects are not dominant. The interaction checks involve comparing the design axial force and bending
moment to their respective resistances, ensuring that their combination remains within the interaction envelope defined by Eurocode 3 [50].

Cross-section check
Npa | Mg

Neg | Ma (A19)
NRd Mc,Rd

Member stability

Ngq Mgq

+k <1 (A20)
Nyra Mg
Ngq MEq
VB g <1 (A21)
Nora  “Mpra

where N is the design axial force, Mgy is the design bending moment, Ngq is axial resistance, M, rq is bending resistance, Njgq is the buckling
resistance and M gq is the design buckling resistance moment. Interaction factors ky, and k;, can be found in Eurocode 3 Annex A and B [50].

A.2 Check for deflection

Deflection is checked as a serviceability criterion. The maximum deflection due to serviceability load at the point with the highest deflection is
considered. UK National Annex [66], recommended values for cantilever span/180 and simply supported span/200 are considered in this study.
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