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Abstract

Bio-based laminated structures offer a timely solution to meet the pressing demand for resource-efficient
and environmentally responsible construction practices in civil engineering. Riveted connections are a kind
of commonly used joint and significantly impact the mechanical behaviors of global structure. However,
existing studies on the complex behavior of such joints for bamboo-based structures are insufficient. This
study investigated the hysteretic behavior of riveted Glued Laminated Bamboo (glubam) connections using
thin-walled steel tube and corresponding planar roof truss with thin-walled steel tube connections by exper-
imental and numerical methods. Firstly, cyclic tests were conducted on the riveted glubam connections with
thin-walled steel tube to investigate their hysteretic behavior. The test matrix encompasses four distinct
connection configurations, carefully selected to assess the connection behavior of glubam. After the investi-
gation of connection behavior, cyclic tests were further conducted on glubam planar roof truss structures to
evaluate their global and local hysteretic behavior. Subsequently, the numerical hysteretic models for joints
and hybrid roof trusses were developed within the OpenSeesPy framework. To accurately and efficiently
calibrate the model parameters, a novel parallel genetic algorithm (PGA) was proposed to carry out an
initial calibration on model parameters. Based on PGA, a more comprehensive model updating framework
combining the neural network, prior knowledge and PGA was developed to obtain optimal parameters. Fi-
nally, the numerical models were successfully validated against the experimental data, demonstrating the
effectiveness of the established numerical model and model-updating framework.
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1. Introduction

Sustainable structures made from bamboo are of great importance in a rapidly evolving world, as they
address the urgent requirement for more resource-efficient and environmentally responsible civil engineering
construction. Bio-based laminated composite materials are widely used in construction due to their mechan-
ical properties, economic efficiency, and potential carbon storage capacity [1, 2]. At present, glued laminated
bamboo (glubam) are mainstream engineered bamboo products for structural applications [3, 4, 5, 6]. The
application of glubam combined with riveted hollow joints has numerous advantages, primarily including
low cost, ease of installation, and superior long-term performance. According to Sharma et al. [7], the use of
bamboo in construction can reduce material costs by up to 30% compared to conventional materials. The
construction process is simplified with glubam bars and riveted hollow steel tube joints. Glubam’s lightweight
nature facilitates easier handling and transportation, reducing labor costs and minimizing construction time.
The prefabrication of glubam components allows for precise manufacturing and quick assembly on-site. Riv-
eted hollow steel tube joints provide robust and flexible connections that can be assembled with standard
tools, eliminating the need for specialized equipment. This combination enhances the overall efficiency of the
construction process. Studies by Li and Li [8] demonstrate that prefabricated bamboo and steel structures
can reduce construction time by up to 40%.

However, traditional glue laminated bamboo joints have high strength but low ductility [4, 9], which hin-
ders the effort towards enhancing better seismic resilience and raising the necessities of developing ductile
joints for glubam structures. Among all the potential connection types, glue-laminated bamboo (glubam)
combined with riveted hollow steel tube joints has emerged as a promising solution. Rivets joints are fas-
teners that are not threaded and have a cylindrical rod with combined heads short in length, and are widely
used in connecting individual components together in joints structure. Compared with bolted connections at
comparable design loads, riveted bamboo connections exhibited excellent seismic performance, with respect
to strength deterioration, deformation ability, ductility, and energy dissipation [10, 11]. Additionally, the riv-
eted hollow steel tube joints are relatively inexpensive and require less material than solid steel connections,
further contributing to cost savings [12].

Through both experimental and finite element analysis, Murty et al. explored the axial tensile behavior
of a specific riveted connection, employing small-diameter tube fasteners in tight-fitting holes and steel plate
elements in slots at the ends of joined members. Seismic response of braced timbers frames with riveted
connections was investigated by Chen and Popovski based on pushover analysis. Popovski and Karacabeyli
[10] carried out analytical studies on the seismic performance of braced timber frame buildings using riveted
connections to assess the force modification factors utilizing a simplified nonlinear dynamic analysis method.

The long-term performance of structures utilizing glubam bars with riveted hollow steel tube joints is

another significant aspect. Glubam exhibits a high resistance to biological degradation due to its dense
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structure and natural silica content. However, it is crucial to ensure proper treatment and coating to
enhance its durability. When adequately treated and coated, glubam can resist moisture absorption, which is
essential in preventing rot and fungal growth. Studies have shown that water-repellent coatings and sealants
significantly improve its performance in humid environments [14]. In addition, bamboo is susceptible to insect
attacks and fungal growth if not properly treated. Applying borates or other preservatives can effectively
protect glubam from termites and other wood-boring insects. Exposure to ultraviolet (UV) radiation can
cause surface degradation in bamboo. Protective coatings, such as UV-resistant varnishes, can mitigate this
effect and prolong the material’s life [15]. Noting that the long-term durability is not the main focus of this
study, thus will not be further discussed in the following sections.

Structural performance of bamboo and timber-based structures is usually governed by the nonlinear
response in the connection zones, where high deformation levels and stress concentrations are developed
around the fasteners (rivets, nails, dowels or bolts). These zones are also susceptible to significant load-
reversals during the service life of structures, especially during extreme scenarios such as earthquakes or
strong winds. For this reason, the nonlinear behavior of riveted glubam connections under large deforma-
tion levels until failure is worth investigating. The existing numerical simulation work on rivet connections
was often conducted through 3D finite element models [16, 17, 18, 19, 20], which incurred high computa-
tional costs and were not suitable for full-scale global structure analysis. Therefore, developing a simplified
phenomenological model to simulate the hysteresis behavior of rivet joints is necessary.

To simulate the complex behaviors of riveted glubam connections mentioned above, the proposed nu-
merical model is expected to include a large number of flexible parameters. Hence, automatic parameter
calibration is indispensable. In existing studies, many data-driven model updating methods are investi-
gated, including the Newton and modified Newton method, Quasi-Newton methods, least-square regression,
Bayesian optimization method, genetic algorithm (GA), particle swarm algorithm, and neural network-based
methods Ehrlich [21], Dennis and More [22], Astroza et al. [23], Yu et al. [24], Ebrahimian et al. [25], Astroza
et al. [26], Sessa et al. [27], Wang et al. [28], Do and Ohsaki [29], Gu et al. [30], which are proved to be
effective in updating unknown parameters of different numerical models. However, for the highly non-linear
and non-convex optimization problem, these updating method may result in an unacceptable computational
burden or unsatisfactory performance. A highly parallel and accurate framework for parameter optimization
is required.

In this study, the axial behavior of riveted glubam connections with thin-walled steel tube were inves-
tigated by experimental and numerical simulation methods. At first, axial hysteretic test was carried out
on the riveted glubam connections and roof truss structures integrated with corresponding connections, and
a total of four configurations of connections were considered herein (Sections 2 and 3). The experimental
results are provided and analyzed in Section 4. Then, nonlinear models were proposed based on OpenSeesPy
[31] and adopted to carry out the nonlinear time-history analysis on truss joints and global roof truss system

3
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(Section 5). Finally, a more comprehensive model updating framework combining the neural network, prior
knowledge and parallel genetic algorithm (PGA) was developed to obtain optimal parameters (Section 6).
Finally, the numerical models are comprehensively validated against the experimental data (Section 7).

2. Roof truss: Materials, Design, and Construction

2.1. Details of joints

3 mm

1 .5~mm

(a) T1.5-D12 (b) T1.5-D14 (c) T3-D12 (d) T3-D14

Figure 1: Sketch of steel tube with rivet head accounting for different variables

Existing research on the use of a timber truss indicates that the joint region significantly influences
the overall performance of truss structures [32]. Well-designed joints can effectively improve the overall
performance of truss structures [33, 34]. Therefore, four different configurations of truss joints that account
for different test variables, including wall thickness of steel tube (1.5 or 3 mm) and diameter of steel tube
(12 or 14 mm), as shown in Figure 1, were considered in this study. The design process was carried out
following the geometric requirements of GB50005 [35]. However, considering that GB50005 [35] only provide
regulations on the shape and size of bolted fasteners, and do not have relevant provisions for fasteners forms
such as hollow rivets, the geometric form of the target connections is designed based on the geometric
requirements for bolt connectors [35]. According to the actual application scenarios of this structural form
and the size of the glubam members used, bolts with diameters of 12 mm and 14 mm should be selected.
Moreover, considering the available wall thicknesses of hollow tubes of these diameters on the market and
the ease of flanging the hollow tubes [36], the wall thicknesses of hollow tubes are selected as 1.5 mm and 3
mm. Details regarding the geometry of the joints are presented in Figure 2. The truss elements sandwiched
within two steel plate were composed of the glubam panel, stainless steel tube, and a Q235 steel plate.
Holes were drilled on glubam components and steel plates, and steel tubes fasteners were inserted in these
tight-fitting holes to connect the steel plate with glubam components at the ends of joined members. In
order to facilitate the smooth insertion of the hollow tube into the hole, the diameter tolerance between the

hole and the hollow tube was set to 1.5 mm. This tolerance was achieved through CNC instruments.
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Figure 2: Detailed geometry of the riveted steel to glubam joints.

2.2. Hybrid roof trusses

1025 mm

Figure 3: Detailed geometry of the roof truss.

A total of four hybrid roof trusses were specially designed and assembled, corresponding to the four
different configurations of truss joints mentioned above. Each roof truss is made up of nine members and has
a span of about 4.09 m. The detailed geometry of the planar truss is presented in Figure 3. All the members
were connected by using steel plates and riveted glubam connections with thin-walled steel tubes. The
shape of each steel plate was adapted depending on the specific number of branches at the considered node.
Detailed shapes of the steel plates are also presented in Figure 3. All the truss members were automatically
manufactured using a CNC drilling machine (Uli-CNC, model K1). During the manufacturing process, the
glubam bars were initially cut to specified lengths. Subsequently, two holes were precisely drilled at both
ends of each bar. Finally, to facilitate loading test, 50 mm diameter holes were drilled at the end steel plates
of the lower chord and the middle steel plate of the upper chord to insert hinge pins. These hinge pins

established connections between the truss and the hinge supports or the loading actuators, respectively.
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Noting that a "strong joint, weak component" damage pattern is typically recommended in structural
design to prevent the catastrophic consequences of joint failure. However, in this study, one of the primary
objectives is to analyze the joint behavior, including the damage pattern and numerical model verification

in deterioration stages. Therefore, the experimental design should permit joint damage to occur.

3. Test configurations

3.1. Test on truss joints

A series of axial cyclic tests on the four different joints were conducted. A sketch of the experimental
setup is shown in Figure 4a. The hydraulic actuator installed vertically on the steel frame was utilized to
apply the loading force through the predefined displacement. During the experiment, the actual displacement
displays a difference from the predefined displacement. To solve this problem, a displacement transducer
(linear variable differential transformer (LVDT)) is attached to the surface of the connections. The upper
end of the displacement transducer is fixed at the end of the upper steel plate (see Figure 4) so that it
moves with the actuator, and the bottom end is fixed on the middle part of glubam elements. Control of
the actuator is conducted based on the slip between the upper steel plate and the glubam components, as

recorded by the displacement transducer.

——> Loading clamp
Pin
Steel tube with

rivet head
LVDT

Support clamp

()

Figure 4: Test setup and instruments for joints.

The cyclic loading protocol was conducted under displacement control, with a loading rate of 0.2 mm/s
until failure (failure modes are discussed in the following sections) according to EN12512 [37]. The joints
specimens were named following the designation A-B-RTJ, where A is wall thickness of steel tube, B is outer

diameter of steel tube, and RTJ refers to the roof truss joint.

6



124

125

126

127

128

129

130

136

137

138

139

140

3.2. Test on the roof truss

Cyclic tests were also conducted on a series of full-scale roof trusses to obtain a hysteretic curve. The
experimental setup for the planar truss is displayed in Figure 5. In this test, the end connections of the
truss were joined to two steel supports attached to the foundation using hinge pins, as shown in Figure 5.
Two other hinge pins were inserted into the middle steel plates that were situated between the upper chords
to establish a connection with the loading instrument. A hydraulic actuator was installed vertically on a
reaction frame, thus enabling the application of the target displacement time-series. Vertical force is applied
to the loading beam through the hydraulic actuator, then symmetrically transmitted to the two nodes of

the roof truss via loading clamps attached to the beam’s left and right ends.

—— Hydraulic actuator

Support

Figure 5: Test setup of glubam roof truss.

It should be noted that this study seeks to analyze the uniaxial behavior of truss structures and joints.
Consequently, it is crucial to ensure that all truss elements experience only axial forces during the loading
process. A lateral bracing system was applied herein to effectively constrain out-of-plane deformation,
as shown in Figure 5. Several steel plates and braces were installed to prevent the deformation in the
perpendicular direction. Therefore, only the constitutive law along the axial direction (parallel to the truss
chord) is considered. Strain gauges were utilized to measure the strains of the truss elements accurately. The
configuration of the strain gauges is depicted in Figure 5. Considering symmetry of the loads and geometry,
strain gauges were only instrumented on half of the truss elements. Each truss was equipped with two strain
gauges, positioned on both the top and bottom parts, to facilitate the assessment of internal moments. A
LVDT is attached to the middle node between the two lower chords to detect the vertical deflection.

The cyclic loading protocol was also conducted under displacement control at a loading rate of 0.2 mm/s
according to EN12512 [37]. The tested planar trusses were named following the designation A-B-RT, where

A is wall thickness of steel tube, B is outer diameter of steel tube, and RT refers to roof truss.



146

147

152

153

154

155

156

157

161

162

163

164

1.5-12-RT) 3-12-RT)

F [kN]

0 1‘0 2‘0
V [mm]

F [kN]

-100+1

-150

Figure 6: Load-displacement curves obtained from roof truss joint tests under cyclic loading.

4. Test results

4.1. Test results of truss joints

Figure 6 displays the hysteresis curves obtained from the cyclic loading tests conducted on the four
different types of truss joints. The loading process covers the initial slip, elastic phase, yielding phase,
loading plateau, and failure. The initial slip stage happened due to the tolerance between the steel tube and
hole drilled on the glubam components.

Generally, the designed joints performed ductile behavior. As shown in Figure 7, joints will fail either
due to the fracture of steel tube in the middle of the tube section or due to shearing fracture of riveted
head. In thinner tubes, the stress is more evenly distributed across the cross-section during loading. This
even distribution leads to a more uniform deformation, enhancing energy dissipation. Additionally, thinner
tubes typically fail through more ductile modes such as buckling or yielding, which involve significant energy
absorption. On contrast, thicker tubes may fail through more brittle modes such as cracking or localized

yielding, which involve less energy absorption.

4.2. Test results of roof truss

The hysteresis curves of four groups of planar roof trusses under cyclic loading are presented in Figure
8. The planar roof truss displayed similar hysteresis responses with corresponding truss joint. However, the
hysteresis curves of the planar truss exhibited a more obvious initial slip stage, especially on the compressive
loading side. This could be attributed to the tolerance observed between the steel support and the hinge pin,
and the slight out-of-plane movement seen under the influence of compressive loading. The typical failure

8
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Figure 8: Load-displacement curves obtained from planar roof truss tests under cyclic loading.

patterns of the tested roof trusses are shown in Figure 9. The failures of nearly all specimens originated from
the upper truss chords (the one connected with support). The two end joints of this chord either failed due
to the fracture of steel tube or the shear damage of riveted head, which is similar to that in tests on single
joints. This phenomenon was in good agreement with the stress status of each bar (discussed in Section 7).

Consistent with joint experiments, roof trusses with thicker steel tube joints exhibit lower energy dissi-
pation capacity and ductility, but higher load-bearing capacity. As the diameter of the steel tube increases,
the energy dissipation capacity of the roof truss improves. It can be observed that the case 3-14-RT exhibits
the highest load-bearing capacity, 1.5-14-RT exhibits an optimal energy dissipation capability, while the case

3-12-RT shows the poorest performance.
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5. Numerical investigation

5.1. Hysteresis model for the truss joints

Existing phenomenological models cannot simulate the complex behaviors of the riveted glubam con-
nections with thin-walled steel tubes, which prevents attaining a comprehensive understanding of their
behaviors. To address this problem, an empirically numerical model composed of multi material models
combined in series and/or parallel was developed to simulate the hysteretic behavior of a riveted connection
employing the OpenSeesPy. As shown in Figure 10, the proposed model is made up of a Pinching4 spring
element, two ideal elastic perfectly-plastic gap (IEPPG) uniaxial material elements and an elastic spring in
series and/or parallel.

Glubam is a typical bio-based material. The hysteretic behavior of glubam connectors is similar to that
of traditional timber connectors to some extent, exhibiting significant pinching effects. As an orthotropic
material, its mechanical behavior varies between tensile and compressive directions, resulting in a markedly
asymmetric hysteresis curve. Furthermore, glubam is prone to fracture, and its load-bearing capacity sig-
nificantly decreases after fracturing. Consequently, models simulating the hysteretic behavior of glubam
connectors must account for pinching, asymmetry, and fracture phenomena. The Pinching4 material is the
most suitable phenomenological model for this purpose. Therefore, the Pinching4 material model utilized
piece-wise linear curves to depict a pinched load-deformation response. This model, characterized by 38
parameters, accounts for cyclic stiffness and strength degradation, offering a comprehensive approach to
understanding joint dynamics. Detailed descriptions of the Pinching4 parameters is provided in Table A.10
in Appendix A. The hysteresis rule for the Pinching4 element under cyclic loading is shown in Figure A.23
[38, 39].

The IEPPG material model is characterized by three properties: initial gap, elastic stiffness and yield
stress, as defined in Table A.11. It exhibits zero stiffness until reaching a deformation equal to the gap
length. After the gap, the IEPPG exhibits perfectly elastic behavior up to a certain point, after which
it behaves as a perfectly plastic material [31]. More specifically, the tensile gap was set to Gapl and the

10
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Figure 10: Proposed empirically numerical models for riveted connections.

compression gap was set to Gap2. The elastic modulus E,,;, was set to a relatively large value so that there
was no longer significant deformation after the displacement reached certain values. The purpose of setting
Gapl and Gap2 was to simulate the initial slip behavior in the positive and negative directions. The elastic
stiffness of Spring 1 was set to a relatively small value (herein, 1 was adopted) to improve the analytical
convergence between the initial slip segment.

Since the global non-linear behavior of the planar roof truss is highly dependent upon the joint response,
the proper calibration of the single joint hysteresis model is a critical step for accurately simulating the
global non-linear behavior of the planar roof truss. Globally, the proposed hysteresis model for the roof
truss joints is governed by a total of 40 parameters, among which 38 are taken from Pinching4 element,
and 2 from the Gap elements. To obtain a robust empirical model, it is necessary to carry out parameter
identification. Considering that the proposed model features a wide array of flexible parameters, automatic
parameter calibration is essential. Therefore, a novel PGA connected with OpenSeesPy was proposed in this
study for automatic parameter identification, and the parameters of the aforementioned hysteresis model
for the joints are preliminary calibrated based on the PGA to achieve a reasonable match with experimental

results in terms of force-displacement response.

5.2. Modeling approach for the planar roof truss

Open-source and widely-recognized finite element (FE) nonlinear modeling software OpenSeesPy [31]
is adopted for developing the numerical model. The proposed approach described in this study is a phe-
nomenological macro-modeling method of the hybrid planar roof truss, as shown in Figure 11. The model
is a two-dimension model with three degree-of-freedoms per node. All the rotations of the nodes were fixed
since the truss elements are not accounting for rotations. The truss chords were modeled by using truss

elements that include elastic uniaxial materials because we have made proper design to ensure that the

11
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Figure 11: Simplified numerical model of the glubam roof truss with riveted joints.

damage is anticipated to occur at the joints. All of the truss chords were connected using zero-length ele-
ments. Furthermore, the truss elements and corresponding truss joints (uniaxial zero-length elements) were
interconnected in series. The various branches of the steel plates were associated with distinct uniaxial zero-
length connector elements, with overlapped nodes (see Figure 11). The behavior of the zero-length elements
was defined in a different way in the direction parallel or perpendicular to the truss. In the perpendicular
direction, an elastic material with relatively high stiffness (10* kN/mm) was employed to simulate rigidity
of the connection consistently with experimental observations. In the parallel direction, the constitutive
behavior of the uniaxial zero-length connector elements that represented the truss joints was defined by
using the empirical hysteresis model discussed in the following section (see Figure 10).

The vertical load was applied as a displacement history at the two middle node between the corresponding
two upper chords (nodes 4 and 5) in the OpenSeesPy model (see Figure 11). Nodes 1 and 3 were set as

hinged with bearings. In this way, the boundary conditions were the same as that in the experiment.

5.8. Preliminary parameter identification of single joint model

5.8.1. PGA in parallel computing system

Genetic algorithm (GA) is widely adopted in many fields, but is often time-consuming. The most time-
consuming operation within GA is the evaluation of the fitness function [40, 41]. An effective solution to
this problem is taking advantage of high performance computing techniques, such as distributed or parallel
computing. The idea here is to distribute workload of the algorithm among multi-threads of a single computer
based on a so-called master—slave configuration, as shown in Figure B.24. By scripting programming in
Python, the proposed PGA can be fully automated to interact with OpenSeesPy for generating and screening
structural models as well as carrying out a multi-thread parallel numerical analysis for each parameter
combination generated during the identification process. More details can be found in [42].

12
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5.3.2. Identification results

Table 1: Setting of the PGA.

Population size Number of generations Evaluation Number of slave threads Number of cores per thread

60 100 6000 15 2

The model parameters were roughly determined according to our previous study [43, 6, 42|, and then
an amplification factor 10 and a reduction factor 0.2 for rough estimation values of all the parameters are
selected as the upper bound and lower bound of the searching space. The setting of PGA was reported in
Table 1. The population size and generation number are selected as 60 and 100, so the identification process
will perform a total of 6000 times evaluation. 15 slave threads are arranged to evaluate 60 individuals in
each generation and 2 processors are distributed to execute each thread.

Under the above settings, the identification process for the reference model has shown the convergence
history illustrated in Figure 12, where the objective function evaluations represent the mean square error
between the simulated response and the experimental results. In the same diagram, the moving average trend
is also reported. It can be observed that the algorithm tends to a stable solution after 40-60 generations,
which corresponds to 2400-3600 evaluations of individuals. The prediction results of the best individual are
compared with the tested results, as shown in Figure 12. According to the results, a reasonable agreement

is achieved after identification through PGA.
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Figure 12: Comparison of tested hysteretic behavior and the best simulated hysteretic behavior, and convergence history of

the identification process.

5.8.8. Comparison of PGA settings
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Figure 14: Comparison of identification accuracy for different generation numbers.

while maintaining accuracy. Therefore, this paper compares the optimization accuracy of PGA under
various parameter settings. Population size and the number of generations are the most sensitive parameters
affecting the optimization process of genetic algorithms. Therefore, we first fixed the number of generations
at 100 and compared the identification accuracy for population sizes of 30, 60, and 90, as shown in Figure 13.
The results indicate that when the number of generations is 100, the identification accuracy for a population
size of 60 is significantly higher than for a population size of 30, while the accuracy for a population size of
90 is not much different from that of 60.

Besides, we fixed the population size at 60 to investigate the effect of the number of generations on
identification accuracy. Scenarios with 50, 100, and 150 generations are examined, as shown in Figure 14.
It was observed that with a population size of 60, the model prediction results significantly deviated from
the experimental results when the number of generations was only 50. However, there was no significant
difference in prediction accuracy between 100 and 150 generations. In summary, the settings of PGA shown

in Table 1 successfully balance the accuracy and efficiency.

To quantitatively compare the identification accuracy of PGA, the prediction deviations are measured

through Relative Root Mean Square Errors (RRMSE), as shown in Table 2. The RRMSE provides a
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Table 2: RRMSE under varying settings of PGA for the case 1.5-12-RTJ.

Setting Generation number =100 Population size = 60
Population size Generation number
30 60 90 50 100 150
23.41% 11.35% 12.68% 29.35% 11.35% 8.59%

Table 3: Comparison of the traditional GA and PGA.

Method Parallel genetic algorithm Traditional genetic algorithm
Accuracy RRMSE=11.35% RRMSE=12.51%
Batch Number 400 (6000 / 15) 6000

measurement of the error between two signals, a (tested value) and b (predicted value), and is defined as:

\/[1\} > (i — bi)g}
RRMSE (a,b) = x 100 (%) (1)

% 2 (@)?]

where Ny denotes the total number of data samples in the signals, and i represents the number of steps in

those sequences.

5.8.4. Comparison between the traditional GA and PGA

The proposed PGA was compared with the traditional GA regarding identification accuracy and effi-
ciency, as shown in Table 3. The search space defined by the traditional GA is consistent with that of the
PGA, as determined in our previous study [43, 42, 6]. From Table 3, it can be seen that the PGA and the
traditional GA exhibit comparable identification accuracy. Theoretically, the PGA and GA are the same in
terms of statistical accuracy. In this manuscript, the accuracy of PGA is slightly higher, which may lie in the
inherent uncertainty of GA evaluation process. Meanwhile, the PGA significantly enhances identification

efficiency by decreasing the number of evaluation batches.

6. Model Updating for roof truss

Although the preliminary parameter identification is carried out in Section 5.3, the stability of the
heuristic algorithm is still challenging, and the identification accuracy can be further improved. Therefore,
an innovative model updating method coupling the prior knowledge, neural network and PGA is proposed

in this section.
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6.1. Framework and methodology

The overall framework of the proposed method is shown in Figure 15. This framework consists of five
key steps: (1) Latin Hypercubic Sampling (LHS) from a uniform distribution; (2) Reverse normalization
based on prior knowledge; (3) Preliminary parameter identification based on neural networks; (4) PGA

optimization on the joint scale; and (5) PGA optimization on the roof truss scale.

Sten 1 LHS from
g Uniform Distribution

Step 2 [ Reverse Norm Based on

Prior Knowledge

Step 3 Preliminary Identification
P Based on Neural Network

GA Optimization
Sup4 { on Joint Scale

GA Optimization
S [ on Truss Scale

Figure 15: Framework of the proposed model updating method

6.1.1. LHS from uniform distribution

Due to the large number of flexible parameters, a complete traversal of possible parameter combina-
tions is impossible. Therefore, to select the representative parameter combinations for the neural networks
(introduced in Section 6.1.3), the LHS method [44] is adopted in this step. LHS ensures that each parame-
ter is uniformly sampled across its entire range, thereby reducing sampling redundancy and improving the
representativeness of the sample. The efficiency and effectiveness of the LHS method has been verified in
many existing studies [45, 46]. Noting that, due to the existence of the reverse normalization in Step 2
(introduced in Section 6.1.2), the LHS is carried out on the uniform distribution within the range (0,1) for

all parameters.

6.1.2. Reverse normalization based on prior knowledge

The original parameter sampled in Step 1 are reversely normalized back to a proper range in this step.
Apparently, the parameters of the proposed numerical model cannot be randomly selected. The physical
meanings of parameters, the preliminary optimization results in Section 5.3, and the experimental results
are all helpful in determining the proper range of each parameter. Meanwhile, the bias-variance trade-

off should also be considered in range determination, which means that a larger searching space brings a

17



316

317

318

319

320

321

327

328

329

330

331

332

Table 4: Parameter ranges for all flexible parameters

Parameters Range Motivation and description

ePfi,ePdyi,eN f1,eNd; (0.2,2.0) x Parag The minimum values of these parameters are generally not very close to 0.

eP fy,ePdy, eN fo,eNds

ePfs3,ePds,eN f3,eNds (0.0, 3.0) x (Parag — Paragy) + Paragr, ~ The values of these parameters are generally larger than corresponding values describing the last key point.
ePdy,eNdy
ePfy,eN fy (0.0, 1.0) x Paragg The values of these parameters are generally smaller than corresponding values describing the last key point.

9K, 9K, 9K3, 9K, 9Kiim
9D1,9D2,9Ds, gDa; gDiim
9F1, 9F2, gFs, gFy, gFlim

1 DispP, rDispN min (1.0, (0.0, 5.0) x Parag) The values of these parameters lie in (0.0, 1.0).
fForceP, fForceN
uForceP, uForceN

gE. Gapy, Gaps (0.0, 5.0) x Parag -

better optimal solution but increases the difficulty in getting such solutions, thus may lead to a worse final
solution. Therefore, after taking all the aforementioned factors into consideration and referring to existing
studies[47, 30, 42, 6], the parameters are reversely normalized to the ranges shown in Table 4. The definitions

of these parameters are provided in Appendix A.

In Table 4, Parag represents the value of corresponding reference parameter, and Paragy, represents the
corresponding parameter describing the last key point in the backbone curve. All the Parar and Paragy,
are obtained in Section 5.3. For example, for the parameter e Pds, the Parar and Paragy, refer to the values
of ePds and ePds obtained in Section 5.3, respectively. It should be noted that, the ranges listed in Table 4
is not the optimal solution. There definitely exists some other ranges that lead to a more accurate parameter
identification results or a more efficient optimization process. However, finding the optimal solution is quite
time-consuming, and is not the main focus of the current study. Therefore, on condition that the ranges
listed in Table 4 is verified in the following sections, the authors will not pay more attention on finely

adjusting the searching ranges.

6.1.3. Preliminary parameter identification based on neural network

After the reverse normalization, all the sampled parameter combinations can be regarded as the input of
the proposed joint-level OpenSeesPy model, and the simulations can be carried out to build the basic dataset
for the neural network. Then, with the force response time-series as the input and the target parameter
combination as the output, the neural network can be trained and verified. Some key settings of the neural

network are listed in Table 5.
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Table 5: Key settings of the neural network

Item Setting
Dataset 10,000 samples (7:2:1 for training, validation and testing datasets, respectively)
Network architecture Transformer with shortcuts [48, 49|
Input Force time-series (with a sequence length of around 1,000)
Output Parameters (40 dimensional vector)
Loss function Mean square error (MSE)
Training device RTX 4090 GPU

6.1.4. GA optimization on joint and Toof truss scales

Based on the PGA algorithm introduced in Section 5.3, further optimizations will be carried out on
joint and roof truss scales consequently. During the first PGA optimization process on the joint scale, the
parameters obtained through neural network inference are adopted as the initial population. After that, the
best solutions obtained in the first PGA optimization stage (joint scale) are selected as the initial population
of the second PGA optimization stage (roof truss scale). The significant computational burden of roof truss
models is the main reason that hinders the directly adopting of PGA optimization on roof truss scale (Step
5). Noting that, for contrast, the direct PGA optimization on both the joint and roof truss scales are also

carried out in this study.

6.2. Results and discussions

6.2.1. Neural network prediction results

The neural networks established before are submitted for training multiple times, and the hyperparam-
eters are tuned based on the validation losses. During the dataset generation process, compared to direct
sampling methods, the proportion of divergent samples significantly decreases in simulations conducted
with parameter combinations sampled from a uniform distribution and refined through reverse normaliza-
tion guided by prior knowledge. This reduction can serve as indirect evidence of the effectiveness of this
approach.

Among all the final inference results, the distribution of MSE values (Figure 16a), together with three
typical samples with the minimum MSE (26.40, Figure 16b), average MSE (149.96, Figurel6¢) and maximum
MSE (402.69, Figure16d), are presented here. It can be seen that the neural network prediction results are not
very accurate, yet is qualified as a preliminary identification, because the predicted results reflect the overall
response characteristics of the target joints. At this stage, the accuracy benefits of reverse normalization

guided by prior knowledge are not immediately apparent and will be discussed later.
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Figure 16: MSE distributions of neural network prediction results (a) and typical samples with minimum MSE (b), average

MSE (c¢) and maximum MSE (d)

7 0.2.2. GA optimization results on joint scale
358 The GA optimization results on joint scale are shown in Figure 17. The information for all the labels
s and corresponding results are presented in Table 6. According to Figure 17 and Table 6, the following

se0 conclusions can be drawn:

Table 6: Information of labels and corresponding results on joint scale

Minimum MSE in each case

Model type Initial population Searching space
1.5-12-RTJ  3-12-RTJ 1.5-14-RTJ  3-14-RTJ

GA-V1 Randomly generated Prior knowledge guided (Table 4) 8.34 20.42 20.78 23.47

GA-V2 Randomly generated 0.2-5 times of parameters in Section 5.3 15.94 38.39 29.74 40.65

GA-V3 From neural network Prior knowledge guided (Table 4) 6.97 15.51 18.48 17.86

Neural network only - - 26.4 99.25 72.22 86.5
Parameters in Section 5.3 - - 42.42 45.53 20.20 48.47

361 (1) The prior knowledge guided searching space provided in Table 4 results in a very significant accuracy

sz improvement (MSE reduction). Compared with the group with random searching space (GA-V2), the

ses  optimization results are much better in GA-V1 (41.7% MSE reduction on average).
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Figure 18: The optimal response behaviors on joint scale (blue curve: experimental results; green curve: the optimal simulation

results)

364 (2) Although the preliminary identification of the neural network is not very accurate, the GA-V3
ses  supported by neural network draws the best performance on all the joint cases, which proves the effectiveness
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of the proposed framework on joint level. Compared with GA-V1 and results in Section 5.3, the average

MSE reduction ratios are 18.9% and 55.3%, respectively.

The optimal simulated response behaviors for all four joint cases are shown in Figure 18, and correspond-

ing parameters are listed in Appendix C.

6.2.3. GA optimization results on roof truss scale
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Figure 19: GA optimization results on roof truss scale

The GA optimization results on roof truss scale are shown in Figure 19. The information for all the

labels and corresponding results are presented in Table 7. According to Figure 19 and Table 7, the following

conclusions can be drawn:

Table 7: Information of labels and corresponding results on roof truss scale

Model type

Initial population

Searching space

Minimum MSE in each case

1.5-12-RT  3-12-RT"  1.5-14-RT  3-14-RT

GA-V1-RT
GA-V2-RT

GA-V3-RT  From GA optimization on joint scale (Section 6.2.2)

Randomly generated
Randomly generated

0.2-5 times of parameters in Section 5.3 32.57 94.11 41.61 282.37

Prior knowledge guided (Table 4)
Prior knowledge guided (Table 4)

16.47 31.37 23.16 102.2
14.47 35.56 20.97 57.81

(1) The effectiveness of the prior knowledge guided searching space is further verified based on the

comparison between GA-V1-RT and GA-V2-RT, within which significant MSE reduction (56.1% on average)

can be observed for all cases.
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Figure 20: Best simulated response behaviors on roof truss scale (blue curve: experimental results; green curve: the optimal

simulation results)

(2) The optimization based on the initial population from GA optimization on joint scale (group GA-
V3-RT in Table 7) reaches the best performance in most cases, except for a slightly worse result in case
3-12-RT. Compared with the group that directly carrying out the GA optimization (group GA-V2-RT), the
average MSE reduction ratio for four roof truss cases is 12.9%.

The best solutions for all four roof truss cases are shown in Figure 20, and corresponding parameters are

listed in Appendix C.

7. Verification of global truss model

In Section 6, four roof truss models were updated based on the proposed model updating workflow. In
this section, the updated models are further validated against the mid-span deflection time series for node 2
and measured strain time series for each chord. The finally updated model parameters listed in Appendix C

were used as input for the proposed roof truss model.

7.1. Comparison of mid-span deflection over time at node 2

The result of mid-span deflection over time at node 2 measured by the LVDT is shown in Figure 21.

The obtained results are then compared with the corresponding numerical simulation results. Generally,
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Table 8: RRMSE between the tested and predicted responses (deflection at Node 2)

Deflection at Node 2

Configuration

RRMSE

1.5-12-RT
14.32%

3-12-RT
12.45%

1.5-14-RT
12.68%

3-14-RT
8.75%

the numerical results provide a good agreement with test results. To quantitatively compare the prediction

accuracy, the Relative Root Mean Square Errors (RRMSE) are calculated, as shown in Table 8, which

provides a measurement of the relative error between the tested and simulated responses. Using RRMSE

as the error index, the prediction error of deflection at Node 2 is controlled within 15% for all types of roof

trusses.
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Figure 21: Comparison of mid-span deflection over time at node 2 obtained from the numerical simulation (label “model”) and

test (label “LVDT”).

7.2. Comparison of strain curves for each chord

As an illustrative example, Figure 22 showcases the strain curves over time for each chord of glubam

roof truss, as accurately measured by the strain gauge. The obtained strain curves are then compared with

the corresponding numerical simulation results, providing a comprehensive assessment of their agreement.

Generally, the absolute strain value errors can be controlled within 0.0002. Table 9 quantitatively compares
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Table 9: RRMSE between the tested and predicted responses regarding to strain values at each chord (3,4,5,8).

Strain value at each chord (3,4,5,8)
Configuration Chord 3 Chord 4 Chord 5 Chord 8

1.5-12-RT 21.32% 18.45% 19.68% 18.75%
3-12-RT 9.15% 16.32% 11.42% 15.21%
1.5-14-RT 8.32% 15.68% 18.31% 16.56%
3-14-RT 8.65% 8.72% 6.53% 12.32%

the prediction accuracy using RRMSE as the error index. Generally, the prediction error in terms of strain
value at each chord can be controlled within 25% for all types of roof trusses when using RRMSE as the
error index. Additionally, the internal force of truss chord 3 is the largest, indicating that the failure usually
originated from this chord, which is consistent with the experimental observation. Therefore, the accuracy

of the proposed model and updated parameters are verified.

8. Conclusions and Discussions

8.1. Conclusions

This study conducted a thorough investigation of the hysteretic behaviors of riveted glubam connec-
tions integrated with thin-walled steel tubes and their corresponding roof trusses. Experiments on joints
and roof trusses, spanning four distinct configurations, were executed. A preliminary parameter identifica-
tion method, PGA, along with a more sophisticated model updating framework, were both developed and
validated. The key findings are as follows:

(1) The experimental outcomes for both joints and roof trusses demonstrated that well-designed joints
exhibit ductile behavior. Such joints contribute significantly to enhancing seismic resilience in glubam
structures.

(2) With appropriate parameters, a OpenSeesPy model is proposed by combining the Pinching4 and
IEPPG elements, which can accurately and efficiently capture the hysteretic characteristics of both the
joints and roof trusses. These models can simulate the hysteretic behaviors across various stages, including
initial slip, elastic phase, yielding phase, loading plateau, and failure.

(3) The innovative model updating approach, combining neural networks, searching space guided by
prior knowledge, and PGA, provides a robust technique for parameter identification in highly non-linear

and non-convex contexts with both precision and speed.

8.2. Discussions
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Figure 22: Comparison of strain curves obtained from the numerical simulation and test for chords 3,4, 5 and 8
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The research process has also identified several limitations in the use of glubam for roof trusses, primarily
related to material variability, connection assembly, and model limitations. Like all natural materials,
glubam exhibits inherent variability in its properties, which can influence its performance and reliability in
structural applications. Understanding and managing the material variability of glubam is critical for its
reliable use in construction. Engineers and architects must account for this variability in their designs to
ensure safety and performance. This may involve using conservative design values, implementing extensive
testing protocols, and adopting advanced modeling techniques to predict the behavior of glubam structures
under various conditions. In addition, information about the long-term durability and performance of glubam
and steel tube connections under various environmental conditions would enhance the practical relevance of
the findings. Furthermore, the connection assembly of glubam roof trusses poses several difficulties. While
riveted steel tube joints offer advantages in terms of strength and durability, they also introduce challenges
such as precise alignment and secure fastening. Improper assembly can lead to stress concentrations and
potential failure in the structure. Additionally, due to the proposed model having nearly 40 parameters, if the
initial parameters are not chosen well, there may be convergence and stability issues during the optimization
process using the PGA. In summary, addressing these issues requires a multidisciplinary approach, combining
advances in material science, structural engineering, and computational modeling.

Based on the current findings about the glubam roof truss with riveted hollow steel tube joints, several
areas merit further exploration to advance the understanding and application of this innovative construction
material. Outlined below are specific future research directions that could provide valuable insights and
improvements:

(1) Investigate the long-term mechanical behaviors and durability of bio-based materials. This is impor-
tant for the practical application of the bio-based materials in real-world situations.

(2) Investigate the performance of other bio-based materials, such as laminated veneer lumber (LVL) or
cross-laminated timber (CLT), in combination with hollow steel tube joints, which provides a comparative
analysis supporting the identification of materials with superior properties for specific applications.

(3) Develop hybrid construction systems that integrate glubam with other sustainable materials, exam-
ining the synergistic effects on structural performance, durability, and sustainability.

(4) Develop new connection techniques that enhance the performance of glubam roof trusses. This in-
cludes the design of more efficient rivet patterns, the use of adhesive bonding in conjunction with mechanical
fasteners, and the exploration of alternative fastening methods like self-tapping screws or bolts.

(5) Incorporate smart materials and sensors into the connections to monitor structural health in real-time,

enabling proactive maintenance and enhancing the longevity of the structures.
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Appendix A. Material constitutive law in empirical model

564
Table A.10: Parameters of the Pinching4 material in OpenSeesPy [31].

Description

denotes the force and deformation points on the positive response envelope

denotes the force and deformation points on the negative response envelope

Parameters
ePf1,ePfay,ePfs,ePfy,ePdy,ePdy,ePds, ePdy
eNfi,eN fa,eN fs,eN fy,eNdy;eNdo; eNdy; eNdy
9K, 9K, gK3, 9Ky, gKjim controls cyclic degradation model for unloading stiffness degradation
9D1,9Da, D3, D4, 9Diim controls cyclic degradation model for reloading stiffness degradation
9F\, gF>,gF5,gFy, gFlim controls cyclic degradation model for strength degradation
rDispP,rDispN denotes the ratio of the deformation at which reloading occurs to the max,/min historic deformation demand
fForceP, fForceN denotes the ratio of the force at which reloading begins to force corresponding to the max/min historic deformation demand
uForceP,uForceN denotes the ratio of strength developed upon unloading from negative load to the max/min strength developed under monotonic loading
gE denotes maximum energy dissipation

Table A.11: Parameters of the IEPPG material in OpenSeesPy [31].

Parameters Description
E tangent
Fy stress or force at which material reaches plastic state
gap initial gap
eta hardening ratio (Eh/E)
damage an optional string to specify whether to accumulate damage or not in the material

Force A
N

Yield force
Force .
(A / ()
(ePd,,ePf,) (ePds,ePfy)
A
| Displacement
Gap ePd,,ePf, )
(rDispP< d,,..rForceP- f(d,, ))
Tension Gap (*,uForceP-ePf,) I (ePd,,ePf,)
L >
Force A o’ Displacement
(eNd,,eNf,) (*,uForceN -eNf,)
Gap 1
- (rDispN -d, . rForceN - f(d,, ))
Displacement (eNd,, eN.
. eNd, eNf)
(eNd,,eNf,)
SR R (eNdseNF) (ds £ (d,))
Compression Gap
(b)

(@)
Figure A.23: Elastic-Plastic Gap (a) and Pinching4 Material (b) model. [38, 39]
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sz Appendix B. Optimal parameters for all cases
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Figure B.24: Flowchart for parallel algorithm (modified based on [42])
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Table C.12: Optimal parameters for all cases

Specimen 1.5-12-RTJ 3-12-RTJ 1.5-14-RTJ 3-14-RTJ 1.5-12-RT 3-12-RT 1.5-14-RT 3-14-RT

ePfi 48.85 46.16 53.14 50.10 54.75 28.99 49.39 71.47
ePd; 1.58 1.60 2.37 1.72 1.91 0.61 0.92 0.63
ePfo 73.83 116.05 86.14 174.63 61.98 64.41 77.36 123.22
ePds 3.55 4.99 7.42 7.02 3.68 2.92 2.85 3.32
ePfs 89.99 113.80 86.59 185.12 71.42 100.34 94.43 125.47
ePds 10.83 15.92 17.00 15.23 5.63 14.09 5.92 3.53
ePf, 61.02 36.53 36.28 157.91 28.92 36.42 63.36 83.31
ePdy 13.21 16.18 20.10 17.90 9.85 14.99 8.39 7.43
eN fi -30.60 -57.44 -14.49 -35.43 -22.55 -53.68 -47.24 -55.83
eNd; -1.63 -3.06 -0.90 -2.09 -0.34 -0.39 -0.90 -0.92
eN fo -68.04 -97.62 -69.52 -134.84 -59.99 -71.73 -67.09 -90.19
eNd, -6.37 -6.23 -5.65 -9.10 -3.23 -2.51 -4.42 -3.62
eNf3 -86.98 -110.63 -86.63 -162.16 -62.43 -111.78 -71.98 -99.30
eNds -13.33 -13.86 -17.91 -15.49 -6.89 -16.14 -8.44 -21.94
eN fy -73.59 -33.19 -37.51 -88.38 -27.47 -101.60 -38.22 -93.04
eNd, -16.69 -15.05 -21.79 -20.21 -10.81 -17.13 -12.32 -36.25
rDispP 0.47 0.51 0.53 0.25 0.41 0.20 0.47 0.96
fForceP 0.45 0.29 0.38 0.15 0.34 0.33 0.40 0.55
uForceP 0.01 0.00 0.00 0.00 0.06 0.07 0.05 0.04
rDispN 0.30 0.48 0.36 0.09 0.44 0.23 0.23 0.16
fForceN 0.30 0.39 0.21 0.16 0.05 0.15 0.05 0.16
uForceN 0.02 0.02 0.00 0.01 0.00 0.08 0.00 0.03
9K, 0.35 0.26 0.28 0.19 0.04 0.21 0.42 0.53
gK» 0.10 0.26 0.04 0.84 0.04 0.74 0.03 0.89
9K 1.00 0.67 0.92 0.84 0.96 0.41 0.95 0.83
gKy 0.23 0.24 0.24 0.03 0.24 0.15 0.18 0.18
9Kiim 0.37 0.80 0.56 0.10 0.41 0.55 0.28 0.38
gDy 0.65 0.01 0.25 0.03 0.04 0.31 0.48 0.49
gDs 0.45 0.19 0.27 0.05 0.06 0.46 0.19 0.07
gDs 0.99 0.97 0.22 0.04 0.24 0.34 0.36 1.00
gDy 0.19 0.25 0.20 0.21 0.23 0.15 0.20 0.23
9Diim 0.07 0.21 0.11 0.16 0.09 0.19 0.22 0.20
gF1 0.85 0.87 0.76 0.84 0.86 0.07 0.31 0.59
gF2 0.44 0.02 0.33 0.62 0.56 0.50 0.69 0.09
gF'3 0.10 0.09 0.17 0.04 0.09 0.14 0.13 0.19
gF4 0.19 0.23 0.21 0.05 0.17 0.05 0.01 0.16
gF Lim 0.13 0.15 0.00 0.07 0.16 0.18 0.16 0.10
gE 72.38 81.78 58.28 4.70 69.56 38.54 63.92 71.44
Gap, -0.74 -5.27 -2.48 -4.14 -0.11 -0.39 -0.16 -0.00
Gaps 3.51 3.36 3.60 3.78 0.52 0.32 0.54 0.54
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