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Abstract: The physical and mechanical properties of heat-treated wood are essential factors in
assessing its appropriateness for different applications. While back-propagation (BP) neural networks
are widely used for predicting wood properties, their accuracy often falls short of expectations. This
paper introduces an improved Beluga Whale Optimisation (IBWO)-BP model as a solution to this
challenge. We improved the standard Beluga Whale Optimisation (BWO) algorithm in three ways:
(1) use Bernoulli chaos mapping to explore the entire search space during population initialization;
(2) incorporate the position update formula of the Firefly Algorithm (FA) to improve the position
update strategy and convergence speed; (3) apply the opposition-based learning based on the lens
imaging (lensOBL) mechanism to the optimal individual, which prevents the algorithm from getting
stuck in local optima during each iteration. Subsequently, we adjusted the weights and thresholds
of the BP model, deploying the IBWO approach. Ultimately, we employ the IBWO-BP model to
predict the swelling and shrinkage ratio of air-dry volume, as well as the modulus of elasticity (MOE)
and bending strength (MOR) of heat-treated wood. The benefit of IBWO is demonstrated through
comparison with other meta-heuristic algorithms (MHAs). When compared to earlier prediction
models, the results revealed that the mean square error (MSE) decreased by 39.7%, the root mean
square error (RMSE) by 22.4%, the mean absolute percentage error (MAPE) by 9.8%, the mean
absolute error (MAE) by 31.5%, and the standard deviation (STD) by 18.9%. Therefore, this model
has excellent generalisation ability and relatively good prediction accuracy.

Keywords: wood heat treatment; property prediction; modulus of elasticity; bending strength

1. Introduction

Woods, along with its derivative products, have been utilised across various fields
for thousands of years. However, wood’s cells and tissues are primarily aligned axially,
leading to anisotropic behaviour, particularly in moisture sensitivity, biodegradability,
and mechanical properties, which restrict its application in environments demanding
durability and safety. The challenges also contributed to the growth of wood modification
technologies, such as chemical and physical modification [1].

Heat treatment is a sustainable modification technique for improving the wood prop-
erties. Harry Tiemann [2] was the first to report on the heat treatment of wood in 1915. He
heated air-dried wood in superheated steam at 150 ◦C and discovered that the hygrometric
properties of heat-treated wood were reduced. Moreover, heat treatment is typically im-
plemented to change various properties of wood, such as colour [3], bonding strength [4],
gloss [5], equilibrium moisture content (EMC) [6], and durability [7]. Previous research has
also extensively studied heat treatment’s effects on dimensional stability and mechanical
properties [8].

The dimensional stability of wood after heat treatment varies according to the wood
species [8]. Cermak et al. [9] studied the swelling kinetics of Norway spruce, Scots pine,
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European beech, and English oak specimens treated at 180, 200, and 220 ◦C. The oak wood
exhibited relatively lesser swelling and linear characteristics in comparison to spruce, pine,
and beech wood. This may be influenced by the density of the wood species, its chemical
composition, and its anatomy [9].

Cermak et al. [10] performed rewetting cycles on beech, poplar, and spruce with
subsequent heat treatment at temperatures of 180 ◦C and 200 ◦C, and revealed a reduction
in swelling for beech, poplar, and spruce. Furthermore, they observed that the radial
swelling was less than the tangential swelling. Similarly, Liu et al. [11] concluded that the
swelling of heat-treated Ailanthus wood was lower in all directions than that of untreated
wood, with the tangential swelling greater than the radial swelling.

In the heat treatment process, the higher the temperature used, the lower the swelling
rate of the treated wood [12]. Dubey et al. [13] studied Pinus radiata wood specimens’
dimensional stability in a 20 ± 2 ◦C water bath, 85 ± 5% RH, 20 ± 2 ◦C high humidity,
and dry-freeze-wet three-cycle environment. Specimens treated at 210 ◦C recorded the
maximum ASE, ranging from 53% to 60%, which demonstrated that the degradation of
hemicellulose enhanced the dimensional stability of wood. Cermak et al. [9] also found the
swelling reduced by increasing the treatment temperature from 180 ◦C to 220 ◦C.

Therefore, achieving better dimensional stability of the wood usually requires higher
treatment temperatures.

Moreover, heat treatment changes wood’s mechanical properties the most, involving
static and dynamic bending resistance, while bending strength (MOR) reduces more than
modulus of elasticity (MOE) [14]. Similar results occurred in the study of Eucalyptus regnans
by Zhang et al. [15], the MOR of treated wood decreased from about 80 MPa to 40 MPa as
the temperature increased from 120 ◦C to 200 ◦C, while the MOE increased slightly to about
10,000 MPa from 9000 MPa. Wang et al. [16] reported that when Populus tomentosa was heat
treated in the range of 180 ◦C to 200 ◦C, the MOE gradually increased with temperature, but
began to decrease when the treatment temperature exceeded 200 ◦C. Wang also pointed out
that the increase of the MOE was due to the formation of stable chemical bonds between
cellulose, which made the cell wall structure more stable, but excessive temperature leads
to the degradation of cellulose, resulting in the MOE decline. Esteves et al. [17] indicated
that the MOR of heat-treated Pinus pinaster and Eucalyptus globulus decreased by 40% and
50%, respectively, while the MOE decreased by 5% and 15%.

However, enhancing the dimensional stability of wood may result in a reduction
of its mechanical properties. This largely restricts the scope of applications for heat-
treated wood, especially in structural applications that demand high strength and stability.
Birinci et al. [18] discovered that as heat treatment on Scots pine and beech sapwood
increases in temperature and time, dimensional stability improves, while MOE changes
non-linearly, decreasing most at 210 ◦C and the least at 180 ◦C. Kol et al. [19] studied
the mechanical and physical properties of heat-treated fir and found that anti-swelling
efficiency and anti-shrink efficiency increased from 8.1% and 4.1% to 33.1% and 30.7%,
indicating improved dimensional stability, while MOR dropped by 2.7% at 170 ◦C and 15%
at 212 ◦C, respectively.

In conclusion, it is imperative to carefully determine the suitable treatment tempera-
tures and time parameters based on the specific application of the target wood during heat
treatment modifications. Identifying the optimum combination of treatment parameters
requires numerous experimentations, which consumes both materials and time. This is
because the relationship between heat treatment parameters and wood properties is com-
plex and nonlinear. Hence, a growing number of researchers are turning to artificial neural
networks (ANN) for solutions, as they can match any complex nonlinear relationship.

ANN have been widely used in the field of properties prediction of heat-treated
wood [20]. Tiryaki et al. [21] successfully predicted MOR and MOE of heat-treated beech
wood and spruce wood based on treatment temperature, time, and wood species, with
the R2 value greater than 0.99 for all data sets. Tiryaki et al. [22] simulated and predicted the
volume swelling and shrinkage of heat-treated beech and pine, with R2 values exceeding
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0.98. Ozsahin et al. [23] also predicted the EMC and specific gravity (SG) of heat-treated
Uludag fir and hornbeam wood with ANN, and the results suggest that the prediction
accuracy of EMC and SG exceeds 91.4% and 97.7%, respectively. In particular, back prop-
agation (BP) neural networks have gained widespread use due to their ability to learn
and generalize from input and output data [24,25]. Haftkhani et al. [26] predicted water
absorption and swelling of heat-treated fir wood by using the single- and multiple-input
BP network model. The mean absolute percentage error (MAPE) for the prediction was
less than 10%.

Nevertheless, the traditional BP neural network for prediction has the disadvantages
of poor data generalization and low fitting accuracy [27]. To overcome these limitations,
meta-heuristic algorithms (MHAs) have been used by researchers to optimise the BP neural
networks’ threshold and weights [6]. Lei et al. [28] optimised the BP neural network to
predict oak absolute dry density employing nonlinear weighted particle swarm optimisa-
tion (IPSO). The IPSO-optimised BP neural network has a higher correlation coefficient
of 0.938 and a lower root mean square error (RMSE) of 0.0129 than the BP model and
particle swarm optimisation (PSO)-optimized BP neural network. Ma et al. [29] optimised
BP weights and thresholds, adopting an innovative variant of the gray wolf optimization
(GWO). Predicting mechanical properties of heat-treated larch outperformed the BP neural
network optimised by the traditional GWO. The optimised BP neural network with the
new approach reduced mean absolute error (MAE) by 74.5% and mean square error (MSE)
by 94.4% compared to the BP neural network. MAPE decrease exceeds 4%.

Furthermore, beluga whale optimisation (BWO) is a brand-new MHA that has been
employed to address real-world challenges across several domains. In this study, we
employ the BWO as an optimizer for the parameters of the BP neural network. Even so,
Houssein et al. [30] argue that the BWO lacks diversity and is prone to local optimum,
which is better than its neighbours, but not the best solution in the entire search space. This
makes seeking the best parameters for BP neural networks challenging.

Considering the above, we propose an improved beluga whale optimisation (IBWO)
to optimize the BP neural network for predicting physical and mechanical properties of
heat-treated wood in this paper. The IBWO algorithm is driven by improving its lacking
diversity and defects, which make it easy to fall into the local optimal solution, as well
as accelerating its convergence speed, so that it can quickly discover the best solution
when predicting the physical and mechanical properties of wood. Subsequently, the IBWO
algorithm was employed to optimise the weights and thresholds of the BP neural network,
which established the wood properties prediction model.

Previous research has demonstrated that multilayer perceptron ANN models, using
inputs involving wood species, treatment temperature, and time, can accurately predict
MOR and MOE [21] along with wood volumetric changes [22]. Accordingly, we utilised
the proposed model, incorporating these three parameters as inputs, to predict the air-dry
volumetric swelling and shrinkage, MOE, and MOR of heat-treated wood. The reliability
of the IBWO-BP model in predicting the physical and mechanical properties of heat-treated
wood was demonstrated by comparing it to other MHAs and early prediction models.

2. Establishment of the IBWO-BP Model
2.1. The Standard BWO Algorithm

BWO is an innovative MHA that imitates the behaviour of beluga whales [31]. The
model is separated into three stages: exploration, exploitation, and whale fall, which
duplicate the swimming, hunting, and whale fall of beluga whales in nature.

During the exploration stage, beluga whales make unintentional choices in the problem
space to be solved, allowing them to execute better global searches. The locations of the
exploration phase are updated using Equations (1) and (2), which is influenced by the
paired swimming behaviour of these whales.

xt+1
i,jeven

= xt
1,pjeven

+
(

xt
r,p1

− xt
i,pjeven

)
∗ (1 + r1) ∗ sin(2πr2) (1)
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xt+1
i,jodd

= xt
1,pjodd

+
(

xt
r,p1

− xt
i,pjodd

)
∗ (1 + r1) ∗ cos(2πr2) (2)

where t represents the current number of iterations, xt+1
i,jeven

and xt+1
i,jodd

indicates the updated
individual position, r represents a beluga whale individual chosen at random, r1 and r2 are
values picked independently from the range of 0 to 1, and pjeven and pjodd is a random
number drawn from the dimensional space.

Equation (3) controls BWO exploration-to-exploitation. The algorithm shifts to the
exploitation stage when the value of B is less than or equal to 0.5, and then Equation (4)
is used to update the position of the beluga whale individual. Otherwise, the algorithm
remains in the global exploration stage.

During the exploitation stage, the incorporation of the levy flight strategy serves to
enhance algorithm convergence. Equations (5) and (6) establishes the mathematical model
of this strategy.

B = r ∗ (1 − t/2 ∗ tmax) (3)

where tmax represents the upper limit of iterations, r undergoes random changes within the
range (0, 1) in each iteration.

xt+1
i = r3 ∗ xt

best − r4 ∗ xt
i + 2 ∗ r4 ∗

(
1 − t
tmax

)
∗ L f ∗

(
xt

r − xt
i
)

(4)

L f = 0.05 ∗ u ∗ σ/|υ|1/β (5)

σ =
(1 + β) ∗ sin(πβ/2)

((1 + β)/2) ∗ β ∗ 2(β−1)/2
(6)

where u and v are random numbers with a normal distribution, let β equal 1.5.
The possibility of a whale falling during the iteration is affected by the parameter W f ,

which is a linear function, as shown in Equation (7):

W f = 0.1 − 0.05 ∗ t/tmax (7)

During the whale fall stage, beluga whale position updates are determined by beluga
whale position and whale fall step length, as in Equations (8) and (9). We set ub and lb to
represent the higher and lower limits for the beluga whale updating position.

xt+1
i = r5 ∗ xt

i − r6 ∗ xt
r + r7 ∗ xstep (8)

xstep = (ub − lb) ∗ exp
(
−W f ∗

2 ∗ n ∗ t
tmax

)
(9)

where n represent the magnitude of the beluga whale population.

2.2. The Proposed IBWO Algorithm
2.2.1. Bernoulli Chaotic Mapping

The initiation phase of most MHAs typically involves randomly generating a pop-
ulation within the boundaries of the search space, resulting in an uneven distribution
throughout the space. However, employing an improved technique for generating the
initial population can accelerate the discovery of superior solutions during this phase,
ultimately reducing the computational burden and enhancing global convergence. It is
noteworthy that chaos exhibits characteristics of semi-stochasticity and ergodicity [32]. Inte-
grating both randomness and chaos has demonstrated greater benefits compared to relying
exclusively on randomness, since it can enhance the efficiency and efficacy of the method.

Chaotic mappings, such as Logistic mapping and Tent mapping, have been extensively
used in previous research studies [33,34]. However, the Logistic mapping tends to produce
values within the ranges of (0, 0.1) and (0.9, 1.0), leading to insufficient traversal of the
generated initial population and consequently impacting the convergence speed of the algo-
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rithm. Conversely, both Bernoulli mapping and Tent mapping exhibit similar well-ergodic
properties, as evidenced by the histogram distribution graph after 5000 iterations in the
study conducted by Yang et al. [35]. To enrich the population diversity and expedite con-
vergence, we introduce the utilization of Bernoulli mapping in our algorithm. Equation (10)
represents the corresponding mathematical expression.

xn+1 =

{
xn

1−d 0 < xn ≤ 1 − d
xn−(1−d)

d 1 − d < xn < 1
(10)

where d serves as a chaos control parameter, determining the range of bipartite segments
to ensure their non-overlapping nature.

As depicted in Figure 1, the one-dimensional population initialization distribution
at d = 0.4 exhibits a higher degree of dispersion following the mapping process, with a
reduced number of individuals located on the boundary and overlapping. The broader
range of the initialized distribution in the early stages of the optimization process can
effectively promote population diversity and mitigate the likelihood of converging to
local optima.
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2.2.2. Firefly Algorithm (FA) Disturbance

The logic of the standard BWO algorithm is relatively simple, comprising just four
position update formulas. However, it often becomes ensnared in local optima [30]. To
address this issue, we propose integrating the position update strategy from the FA to
improve both accuracy and the capacity to escape from local optima to some extent. The
FA introduces perturbations to the positions of all beluga whales within the search space,
guiding them towards the best individual. This methodology significantly enhances both
the pace of convergence and the precision of the model.

The FA is a meta-heuristic optimization technique inspired by the behaviour of fireflies
in nature. It was first proposed by Yang [36], a British scholar. The algorithm mimics the
behaviour of light signals emitted by fireflies during breeding and searching for food. It
conducts iterative searches in the solution space to gradually find the optimal solution by
continuously optimizing the behaviour of fireflies. The algorithm is based on three key
principles. Firstly, fireflies are gender-neutral, and any firefly can attract another firefly.
Secondly, brightness is positively correlated with attraction and diminishes with distance.
Therefore, a firefly tends to move towards a brighter firefly, and if none are present, it
will move randomly. Thirdly, the brightness of a firefly is influenced by the value of the
objective function.

Since the attraction of fireflies is proportional to the intensity of light seen by neighbour-
ing fireflies, we define the attraction of fireflies in the model of this paper with Equation (11),
where γ is the light absorption intensity as a constant 1, r denotes the distance between
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fireflies, and β0 is the attraction at r = 0. Eventually, the position update Equation (12) is
introduced into the algorithm.

β(r) = β0 ∗ e−γ∗r2
(11)

xt+1
i = xt

i + β ∗ (xj − xi) + α ∗ (r − 1
2
) (12)

where α is randomization parameter, r is randomly generated within the range (0, 1).

2.2.3. Opposition-Based Learning Based on Lens Imaging (lensOBL)

While the perturbation caused by the fireflies can enhance the accuracy and con-
vergence speed of the algorithm, there remains a possibility of getting trapped in local
optima. Therefore, to enhance the algorithm’s global search capability and to escape lo-
cal optima during the iterative process, we incorporate the lensOBL mechanism for the
best individuals.

Opposition-based learning (OBL) was introduced by Tizhoos [37]. OBL is an approach
that involves searching for solutions in the opposite direction of current positions. It has
been found to significantly enhance the search ability of algorithms. A comprehensive
review of OBL can be found in the work of Mahdavi et al. [37]. However, the inverted
solution obtained with ordinary OBL is fixed. If an individual has fallen into a local
optimum and its inverted solution is inferior to the current solution, the OBL strategy
cannot help the individual to escape from the limited optimum. On the other hand,
lensOBL can effectively address this issue.

The principle of lensOBL is exemplified by the one-dimensional space shown in
Figure 2, where the spatial range [a, b] is symmetric about the point o. Suppose that at
point x, a point in the interval [a, b], there is an object P of vertical height h, which forms
an image of height h∗ after passing through a convex lens with focal length of f placed at
point o. The corresponding x∗ is the opposite solution of x. This leads to Equation (13).

a+b
2 − x

x∗ − a+b
2

=
h
h∗
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k

(14)

In our model, lensOBL is taken as Equation (15), and the scaling factor is generated
with Equation (16) in each iteration.

xt′ =
ubj

+ lbj

2
+
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−

xt
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k

(15)



Forests 2024, 15, 687 7 of 21

k = (1 + (3 ∗ t
tmax

)
1/2

)
8

(16)

where xt′ is the inverse solution, and ubj
and lbj

are the upper and lower bounds of the
j-dimensional values.

2.3. BP Neural Network

The BP neural network is a forward feedback neural network, also known as Multilayer
Perceptron (MLP). It consists of multiple layers of neurons, and each layer is connected to
each other by weights. Typically, a BP neural network contains at least an input layer, an
output layer and one or more hidden layers, where the neurons in the input layer receive
data from external inputs, the neurons in the output layer output the prediction results
of the model, and the hidden layer neurons play an overwhelming role in the process of
model training.

Specifically, BP neural networks consist of two main steps: forward propagation
and backward propagation. The network accepts the external input data and generates
the final output result through the computation of neurons in the hidden layer. Then,
the error between the output result and the actual result is calculated, and the error is
backpropagated and the weights between neurons are adjusted according to the magnitude
of the error, so that the output result of the next forward propagation is closer to the actual
result. The BP neural network gradually converges in the direction of decreasing mean
absolute error gradient. Figure 3 illustrates the structure of the BP neural network with a
single hidden layer and multiple inputs and a single output.
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We chose a single output network model because our research targets the prediction
of distinct physical and mechanical properties of heat-treated wood. Choosing key perfor-
mance indicators as a single output simplifies the model structure and concentrates our
efforts on modelling and optimizing specific properties, thus enhancing predictive accuracy.

Among practical applications, BP neural networks can be used for tasks such as
classification, regression, and clustering. It has also been widely used in wood science, for
instance, to predict the EMC and SG [6] and the surface roughness [38] of wood.

It should be noted that the initial weights and thresholds of the BP neural network
are generated randomly, so it takes a lot of time for training and is easy to fall into the
local optimal solution. Therefore, it is necessary to select the appropriate network structure
and parameters according to the specific problem, as well as to carry out appropriate
optimization algorithms to obtain better training results.
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2.4. The IBWO-BP Algorithm

The randomly generated weights and thresholds in the BP model reflect significant pa-
rameter uncertainty, resulting in the instability of the model’s calculations [39]. Through the
adoption of MHAs, we can boost the model’s ability to forecast by adjusting critical param-
eters. However, the standard BWO has poor initial population traversal, slow convergence,
and is easy to fall into local optimum. In this regard, we propose the IBWO algorithm.

We first apply the Bernoulli mapping with better traversal to initialize the population
to improve the population diversity. Then, introduce the position update formula of FA
algorithm to perturb the beluga individuals in the search space to speed up the convergence.
Finally, apply lensOBL for the optimal beluga individuals to widen the search space,
enhance the global search ability, and avoid falling into the local optimum.

The algorithm to update the individual optimal position is to optimize the weights
and thresholds of the BP neural network. Figure 4 displays the process chart of the BP
model that has been optimised via the IBWO algorithm.

1 
 

 Figure 4. Flowchart of IBWO-BP algorithm.

3. Experimental
3.1. Data Preparation

Table A1 in Appendix A displays the dataset utilised for validating the model’s
performance in this study, sourced from a 2008 Chinese PhD thesis published on China
Knowledge Network [40]. Additionally, data on Chinese white poplar were published in a
journal article [41], while findings from the authors’ studies on the dimensional stability
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and mechanical properties of Chinese fir wood were reported in related articles [42,43].
Consistency between these conclusions and those of other scholars [44,45] provides a basis
for assuming the reliability of the experimental data.

The experiment utilized fifteen Chinese fir (Cunninghamia lanceolata (Lamb.) Hook)
trees and white poplar (Populous tomentosa) trees. The Random Complete Block De-
sign (RCBD) method was employed to minimize variations from different trees. Prior
to steam heat treatment, the boards were dried to a moisture content (MC) of 8% with
a high-frequency vacuum dryer. Specimens with a dimension of 50 × 25 × 500 mm3

(radial × tangential × longitudinal) were placed in an airtight chamber with steam medium
as a protective gas. They were subjected to twenty-five heat treatments at five temperatures
(170, 185, 200, 215, and 230 ◦C) and five treatment times (1, 2, 3, 4, and 5 h), while keeping
the oxygen content in the kiln at less than 2% during the process. The heat-treated timbers’
moisture content was reduced to 4%. Boards with no obvious defects were picked for
property testing, whereas untreated boards from the same tree species served as controls.

In this study, the swelling ratio of air-dry volume, shrinkage ratio of air-dry volume,
MOE, and MOR of heat-treated Chinese fir heartwood, sapwood, and white poplar were
predicted by the IBWO-BP model. MATLAB (R2022a) was employed for training and
outputting the predicted values. We divided the 75 datasets into 2 groups at a ratio of 7 to
3, with 53 sets used for training and 22 sets for testing. Given the differing dimensions of
the three inputs’ data, we normalized the input data using Equation (17) to mitigate any
impact on training speed and prediction accuracy.

y = (ymax − ymin) ∗
(x − xmin)

(xmax − xmin)
+ ymin (17)

where y is the normalized value of x, ymax and ymin are equal to 1 and 0, and xmax and xmin
are the maximum and minimum values of x, respectively.

3.2. Determination of Model Parameters

To evaluate the accuracy of the IBWO algorithm for optimizing BP parameters, we
compared it to the results of five widely used MHAs: Genetic Algorithm (GA), Particle
Swarm Optimization (PSO) [46], Whale Optimization Algorithm (WOA) [47], Dung Beetle
Optimizer (DBO) [48], and BWO [31].

3.2.1. Determine the Parameters of the MHAs

As depicted in Table 1, the comparison algorithms’ parameters are established based
on the parameters suggested in the original author’s work. This study also establishes a
consistent maximum iteration of 100 and a population size of 50 for each algorithm.

Table 1. MHAs’ parameters setting.

Algorithm Parameter Setting

GA a 0.8
b 0.05

PSO C1 and C2 2
Inertia weight Linearly reduction from 0.9 to 0.1

WOA a Gradually reduced from 2 to 0
DBO k and λ 0.1

b and S 0.3 and 0.5
BWO W f Linearly reduction from 0.1 to 0.05
IBWO W f Linearly reduction from 0.1 to 0.05

Chaos control parameter d 0.4
FA light absorption intensity γ 1
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3.2.2. Determine the Activation Function of the BP Model

The BP neural network used in the IBWO-BP model in this study comprises a 3-layer
network containing an input layer, a hidden layer, and an output layer. We set the learning
rate of the BP model to 0.01, the target deviation to 0.0001, and the upper limit of training
iterations to 1000.

In the BP model, activation functions serve to boost the network’s nonlinearity. Oth-
erwise, even multilayer networks can only reflect linear relationships. Thus, selecting an
appropriate activation function is critical for the BP model. Common activation functions
include tansig, logsig, relu, sigmoid, and purelin. The hidden layer often uses nonlinear
activation functions like tansig, logsig, relu, or sigmoid to enhance the network’s ability
to learn and simulate complex data relationships. This is a key factor in solving nonlinear
problems with BP neural networks. Conversely, regression problems more commonly use
linear activation functions at the output level because they offer direct and continuous
outputs that are suitable for real number prediction.

Table A2 in Appendix A shows the best combination of activation functions for the
number of nodes associated with each wood property. Table A2 exhibits that the optimal
hidden layer activation function for forecasting the swelling ratio of air-dry volume is
tansig, with the output layer function being purelin. Similarly, activation functions that
predict other properties can be identified.

3.2.3. Determine the Neuron Numbers of the BP Model

The input layer has three nodes corresponding to the heat treatment temperature,
time, and wood species of the input data. The output layer has one node that corresponds
to the predicted wood properties values.

Hidden layer neuron identification is crucial. This directly affects network learning
and generalisation. Choose the number of neurons to balance model complexity and
generalizability. If the hidden layer neurons are too few, the neural network may struggle
to learn and capture complex data features, resulting in under-fitting and poor learning
and prediction. Too many neurons may confuse the network, accumulate noise in the
input, and overfit the training data, reducing its capacity to generalise. Therefore, an
appropriate number of hidden layer neurons can increase the model’s training efficiency
and data prediction.

The number of nodes in the hidden layer was determined according to the empirical
Equation (18). At the same time, the activation functions employed in the BP model must
be taken into account, since different activation functions affect the network’s learning
efficiency and ability, which in turn impacts the demand for the number of neurons and
overall network performance. To do this, we conduct extensive experiments using every
possible number of nodes and activation functions to identify the neural nodes.

h =
√
(m + n) + ω (18)

where ω ∈ (1, 10), h, m, and n denote the number of connections in the hidden, input, and
output layers, separately.

Each experimental model’s performance will be assessed via a five-fold cross-validation
method, with the RMSE serving as the performance evaluation criterion. A smaller RMSE
value indicates better performance of the model on the given dataset, suggesting that the
combination of the number of selected hidden layer nodes and the activation function
is optimal.

Table A2 in Appendix A gives the number of possible hidden layer nodes for each
wood property and their evaluation scores. Table A2 reveals that the optimal number of
neurons in the hidden layer is six, the hidden layer’s activation function is tansig, and
the output layer is purelin for forecasting the swelling ratio of air-dry volume. Similarly,
neuron numbers that predict other properties can be identified.
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3.3. Model Performance Evaluation

The MAPE, MAE, RMSE, MSE, and STD were selected to assess the validity of each
model. For MAPE, MAE, RMSE, MSE, and STD, lower values indicate more reliable
predictions. The values of each evaluation index were derived using Equations (19)–(23),
separately.

MAPE =
1
N

∗
N

∑
i=1

(
|pi − p̂|

pi

)
∗ 100 (19)

MAE =
1
N

∗
N

∑
i=1

|pi − p̂| (20)

RMSE =

√√√√ 1
N

∗
N

∑
i=1

(pi − p̂)2 (21)

MSE = 1
N ∗

N
∑

i=1
(pi − p̂)

2

(22)

STD =

√√√√√ N
∑

i=1
(ei − e)2

N − 1
(23)

where pi is the actual value of the experimental sample, p̂ is the predicted value, N is the
amount of data, ei denotes the variation between the forecasted value and the real value,
and e denotes the mean of all the variances.

4. Results and Discussion

This section discusses the IBWO-BP model for predicting the physical and mechan-
ical properties of heat-treated wood from two distinct angles. The IBWO-BP model’s
performance was compared to other MHAs, as well as its effectiveness with four earlier
prediction models.

4.1. Result of the Analysis Compared to Other MHAs

This section evaluates the proposed model’s performance in terms of accuracy and
convergence speed. To ensure accurate results and minimize random variations in the
evaluation process, we report the average results of each method across ten executions.
Error and the regression model evaluation index can be used to assess the model’s accuracy
in forecasting.

Figure 5a–d exhibit clear visual comparisons of the IBWO-BP model’s performance
with different MHAs for predicting the swelling ratio of air-dry volume, shrinkage ratio
of air-dry volume, MOE, and MOR of heat-treated wood. In the figure, the values of the
five evaluation indexes have been converted to the same dimension and plotted. A closer
proximity to the inner circle indicates better performance on the corresponding index.

Generally, the IBWO-BP model is closer to the inner circle, while the other models
exhibit different results with different problems. This indicates that it is more reliable
at predicting the physical and mechanical properties of heat-treated wood. However,
Figure 5c shows that BWO-BP’s STD only outperforms WOA-BP in predicting the MOE
of heat-treated wood. Additionally, the STD of IBWO-BP, while still the smallest, exhibits
a notable proximity to the value of PSO-BP. These findings suggest that BWO-BP and
IBWO-BP encounter challenges when attempting to accurately fit MOE data, leading to a
significant variation in prediction errors.
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Anyway, IBWO-BP now outperforms all five indexes for predicting MOE. We believe
that by adopting the lensOBL approach based on the BWO algorithm, the IBWO algorithm
can search in the reverse direction when using MOE data to train the model, thereby
avoiding suboptimal answers. As a result, the IBWO-BP model outperforms the BWO-BP
model in terms of MOE prediction.

The more detailed data are shown in Table 2. After optimization using MHAs, the
predictive performance of the BP model has been improved to varying degrees. However,
among the four predicted properties for heat-treated wood, the IBWO-BP model performs
the best. In contrast to different models, the IBWO-BP model shows reductions of at least
53.7%, 31.9%, 42.1%, 34.9%, and 19.5% in MSE, RMSE, MAPE, MAE, and STD, respectively.
This indicates that the IBWO-BP algorithm yields predictions that are more accurate and
have a lesser degree of distribution in the prediction error. Furthermore, the algorithm
demonstrates greater levels of uniformity and dependability in its prediction results.

Table 2. Model evaluation results.

BP GA-BP PSO-BP WOA-BP DBO-BP BWO-BP IBWO-BP

Swelling ratio of
air-dry volume

MSE 1 0.7685 0.0548 0.0584 0.0817 0.0616 0.0514 0.0078
RMSE 2 0.8766 0.2341 0.2416 0.2858 0.2481 0.2267 0.0881
MAPE 3 34.30% 11.34% 11.74% 18.07% 13.61% 11.47% 4.87%
MAE 4 0.5685 0.1771 0.1915 0.2476 0.1908 0.1810 0.0731
STD 5 0.7956 0.2145 0.1905 0.1720 0.2533 0.1639 0.0802
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Table 2. Cont.

BP GA-BP PSO-BP WOA-BP DBO-BP BWO-BP IBWO-BP

Shrinkage ratio of
air-dry volume

MSE 2.5615 0.6047 1.2640 1.4726 1.2796 0.3642 0.1354
RMSE 1.6005 0.7777 1.1243 1.2135 1.1312 0.6035 0.3680
MAPE 43.68% 19.59% 29.31% 31.81% 30.57% 15.84% 9.18%
MAE 1.4363 0.6064 0.8502 1.0368 0.9934 0.4841 0.2710
STD 0.7228 0.5747 0.7950 0.6973 0.5539 0.4522 0.2995

Modulus of Elasticity

MSE 3.6039 0.7055 0.4342 2.3068 0.4231 0.3335 0.0306
RMSE 1.8984 0.8399 0.6590 1.5188 0.6505 0.5775 0.1751
MAPE 13.93% 7.05% 5.65% 11.73% 5.26% 4.13% 1.24%
MAE 1.5334 0.7821 0.6232 1.3020 0.5831 0.4584 0.1377
STD 1.3284 0.3152 0.2192 0.8112 0.2950 0.5340 0.1765

Bending Strength

MSE 175.1510 76.6968 56.0293 34.1502 36.5137 24.2667 11.2461
RMSE 13.2345 8.7577 7.4853 5.8438 6.0427 4.9261 3.3535
MAPE 24.92% 11.87% 11.72% 9.12% 11.56% 8.03% 4.56%
MAE 11.9457 7.0586 6.2764 4.5274 5.5098 4.0772 2.6538
STD 7.6931 6.8231 7.3761 5.4172 4.2721 4.8516 3.2941

1 mean square error; 2 root mean square error; 3 mean absolute percentage error; 4 mean absolute error; 5 stan-
dard deviation.

Consequently, the BP optimized with IBWO substantially improves the prediction pre-
cision. Despite the various MHAs that contribute to the optimization of BP neural networks,
they are still considered to be less effective compared to the proposed IBWO method.

Figure 6a–d displays the outcomes of the IBWO-BP, BWO-BP, and BP models to
forecast the physical and mechanical properties of heat-treated wood. Both the BWO-BP
and IBWO-BP models have prediction results that are closer to the actual values compared
to the BP model, which demonstrates that optimization of BP using the BWO algorithm is a
feasible solution to improve the prediction accuracy. However, the image obviously shows
that the experimental results of IBWO-BP are more accurate. Furthermore, the convergence
curves of GA-BP, PSO-BP, WOA-BP, DBO-BP, BWO-BP, and IBWO-BP models in predicting
the four properties of heat-treated wood are shown in Figure 7a–d. Each model has distinct
convergence rates and best score across various property prediction tasks. In comparison,
the IBWO-BP model consistently exhibits faster convergence speeds and lower score value
for all four properties prediction scenarios.
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4.2. Result of Comparison Analysis with Earlier Prediction Models

To further assess the IBWO-BP model’s effectiveness in predicting the physical and
mechanical properties of heat-treated wood, we conducted a comparison with previous
studies. The comparative analysis model will be developed in four different models: the
Aquila optimizer-BP model (AO-BP) [6], the nonlinear and adaptive grouping gray wolf
optimisation-BP model (NAGGWO-BP) [29], a decision tree regression (DT) [49], and
multiple linear regression (MLR) [50].

In the AO-BP model, the researcher employs the Aquila optimizer to optimise the BP
model’s weights and thresholds. In the NAGGWO-BP model, the researcher improves the
GWO algorithm through population initialization, nonlinear control parameters, adaptive
grouping, and a random reverse learning approach, and then uses the new algorithm to
optimise BP parameters. DT is a nonlinear model that predicts based on data decision
principles learned from trees. MLR predicts by linearly relating the independent and
dependent variables. Among them, MLR is a classical linear regression model.

Table 3 presents the results of the comparison analysis. AO-BP, NAGGWO-BP, DT,
and MLR display varied property prediction results, and MLR usually offers a higher
evaluation index value than other models, indicating poor accuracy in predicting heat-
treated wood’s physical and mechanical properties. Besides, NAGGWO-BP frequently
beats AO-BP, DT, and MLR. This is possibly attributable to the researcher’s improved GWO
algorithm technique, which improves performance.

Table 3. Comparative analysis result.

AO-BP NAGGWO-BP DT MLR IBWO-BP

Swelling
ratio of
air-dry
volume

MSE 0.2454 0.0159 0.2384 0.2511 0.0078
RMSE 0.4954 0.1262 0.4882 0.5011 0.0881
MAPE 26.51% 7.43% 17.20% 22.19% 4.87%
MAE 0.4260 0.1066 0.3577 0.4315 0.0731
STD 0.2588 0.0989 0.4946 0.5032 0.0802

Shrinkage
ratio of
air-dry
volume

MSE 0.3202 0.2247 0.9623 1.2019 0.1354
RMSE 0.5659 0.4740 0.9810 1.0963 0.3680
MAPE 12.46% 10.18% 24.30% 29.99% 9.18%
MAE 0.4536 0.3976 0.8408 0.9465 0.2710
STD 0.5732 0.4796 0.9892 0.8150 0.2995

Modulus of
Elasticity

MSE 0.2733 0.1784 3.0055 1.3058 0.0306
RMSE 0.5227 0.4223 1.7336 1.1427 0.1751
MAPE 4.23% 2.97% 12.92% 9.03% 1.24%
MAE 0.4702 0.3215 1.4215 1.0005 0.1377
STD 0.4357 0.3498 1.1482 1.0248 0.1765

Bending
Strength

MSE 79.2964 24.7224 159.1605 172.4711 11.2461
RMSE 8.9049 4.9722 12.6159 13.1328 3.3535
MAPE 12.91% 7.03% 23.39% 24.92% 4.56%
MAE 6.6840 4.1485 10.8015 10.8335 2.6538
STD 8.3806 4.3390 8.2169 9.9867 3.2941

Despite that, the IBWO-BP model exhibited lower values for MSE, RMSE, MAPE,
MAE, and STD compared to other models. By contrast, the MSE decreased by 39.7%, the
RMSE by 22.4%, the MAPE by 9.8%, the MAE by 31.5%, and the STD by 18.9%. This
suggests that the IBWO-BP model proposed in this study is more precise as well as more
stable for predicting the swelling ratio of air-dry volume, shrinkage ratio of air-dry volume,
MOE, and MOR of heat-treated wood.

The following explanations may have contributed to the difference in the study results:
The DT and MLR models show relatively poor prediction results, and there are several

reasons behind this. On the one hand, the MLR model assumes a linear relationship
between the independent variable and the dependent variable, but heat-treated wood
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performance is affected by complex nonlinear relationships between temperature, time,
and wood species. DT can handle nonlinear data, although data noise and outliers can
cause overfitting or underfitting. On the other hand, the simplicity of these two models
makes it easier to grasp and evaluate model predictions, but also restricts their ability to
handle small samples of complex data.

In the IBWO-BP model, the use of Bernoulli mapping enables the IBWO algorithm
to enrich population diversity during the initialisation step of the Beluga whale popula-
tion, providing a solid foundation for the optimisation search process in the succeeding
exploration and exploitation stages. This improves the algorithm’s convergence speed, and
similar benefits are evident in NAGGWO.

Additionally, the position update formula of FA is introduced in the IBWO algorithm.
When the algorithm is trapped in an inferior solution, the firefly disturbance aids in getting
it out of the present solution. Furthermore, following a firefly disturbance, beluga whales
could move to the individual location with the greatest fitness score in the population,
improving the quality of candidate solutions in the search space and making it easier to
track down the ideal solution. With more population location update strategies than the
standard BWO algorithm, IBWO can locate the optimal solution more accurately. This
assists in identifying suitable BP model weights and thresholds.

Last but not least, applying the lensOBL mechanism to the optimal individuals helps
minimize the chances of getting stuck in local optimal solutions, thereby enhancing the
model’s ability to perform global searches. Meanwhile, the suggested non-linear increasing
scaling factor starts with a small value in the initial phase, resulting in a wider range
for the reverse solution of the lensOBL. This ultimately improves its capacity for global
exploitation. As the number of iterations increases, the value of also becomes larger, and
the reverse solution range gradually decreases. This adjustment enhances the algorithm’s
subtle search at the local location in the late iteration. NAGGWO introduces random
reverse learning [29]. This randomness increases the algorithm’s diversity in the solution
space and prevents a local optimal solution, but it also raises uncertainty. Alternatively,
lensOBL could adjust the scale factor more liberally to control the search scope.

In conclusion, this research’s proposed IBWO algorithm can quickly identify the
optimal solution and enhance the reliability of the model’s output. A comparative study
shows that the IBWO-BP model better predicts the physical and mechanical properties of
heat-treated wood.

5. Conclusions

• This paper presents a variant of BWO called IBWO which integrates Bernoulli chaotic
mapping, FA, and lensOBL mechanisms to address the problem that the BWO algo-
rithm is prone to trapping local optimal solutions. Firstly, Bernoulli mapping is used
to initialize the population. Secondly, firefly perturbation is used to make the beluga
whale individuals move toward the optimal one, which fastens the convergence speed.
Finally, lensOBL is performed on the optimal individual to augment the ability of the
algorithm to escape from the local optimum. As a result, the convergence speed and
accuracy of the algorithm have been enhanced.

• The IBWO-BP model was established to predict the swelling ratios of air-dry volume,
shrinkage ratios of air-dry volume, MOE and MOR of heat-treated wood based on
wood species, treatment time, and temperature. The model is evaluated by comparing
its predictions with those of the BP, GA-BP, PSO-BP, WOA-BP, DBO-BP, and BWO-BP
models. The results show that the MAPE, MAE, MSE, RMSE, and STD values of the
IBWO-BP model are the lowest.

• The IBWO-BP model is compared to previous prediction models, including AO-
BP, NAGGWO-BP, DT, and MLR. The results showed that, in comparison to these
models, IBWO-BP greatly decreased the evaluation indexes MSE, RMSE, MAPE,
MAE, and STD, illustrating that the proposed model can predict the properties of
heat-treated wood.
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• Although the model in this paper has some advantages in predicting the properties of
heat-treated wood, its performance in processing high-dimensional data is unknown.
Future improvements to the method for predicting wood properties will involve
combining feature selection methods and taking time series factors into account.
Furthermore, the IBWO method proposed by this study has some potentially practical
value in tackling other challenges in the wood industry, such as solving the one-
dimensional cut-stock problem for wood and minimising wood waste through the
IBWO algorithm [51]. A detailed examination of this topic may be the focus of our
future efforts.
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Appendix A

Table A1. Wood treatment conditions and corresponding physical and mechanical properties.

Wood Species Test
Temperature/◦C

Test
Time/h

Shrinkage Ratio of
Air-Dry Volume/%

Swelling Ratio of
Air-Dry Volume/%

Bending
Strength/Mpa

Modulus of
Elasticity/Gpa

China-Fir heartwood 170 1 4.67 3.7 72.46 10.8
China-Fir heartwood 185 1 4.2 2.73 70.56 10.69
China-Fir heartwood 200 1 4.15 2.41 62.86 10.66
China-Fir heartwood 215 1 2.75 2.12 55.68 10.18
China-Fir heartwood 230 1 2.25 1.84 51.91 9.41
China-Fir heartwood 170 2 4.5 3.27 70.68 10.88
China-Fir heartwood 185 2 4.12 2.54 66.87 10.57
China-Fir heartwood 200 2 3.48 2.04 61.41 10.33
China-Fir heartwood 215 2 2.46 1.58 54.31 9.97
China-Fir heartwood 230 2 2.22 1.49 48.6 9.35
China-Fir heartwood 170 3 4.46 2.77 66.63 10.9
China-Fir heartwood 185 3 4.02 2.37 66.4 10.54
China-Fir heartwood 200 3 3.27 1.8 60.28 10.43
China-Fir heartwood 215 3 2.42 1.53 53.08 9.95
China-Fir heartwood 230 3 2.15 1.31 44.08 8.96
China-Fir heartwood 170 4 4.32 2.34 65.77 10.72
China-Fir heartwood 185 4 3.89 2.21 65.35 10.53
China-Fir heartwood 200 4 3.1 1.77 57.8 10.25
China-Fir heartwood 215 4 2.22 1.42 51.17 9.92
China-Fir heartwood 230 4 2.02 1.23 41.71 8.76
China-Fir heartwood 170 5 3.94 2.24 65.02 10.41
China-Fir heartwood 185 5 3.64 2.01 64.6 10.29
China-Fir heartwood 200 5 2.88 1.6 57.44 10.07
China-Fir heartwood 215 5 2.09 1.25 48.21 9.42
China-Fir heartwood 230 5 1.96 1.13 36.97 8.6
China-Fir sapwood 170 1 6.07 4.22 73.45 12.16
China-Fir sapwood 185 1 6.02 3.97 70.78 12.35
China-Fir sapwood 200 1 5.24 2.8 66.63 11.98
China-Fir sapwood 215 1 4.02 2.42 59.11 11.82
China-Fir sapwood 230 1 3.85 2.17 55.84 11.45
China-Fir sapwood 170 2 5.86 3.91 71.36 12.37
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Table A1. Cont.

Wood Species Test
Temperature/◦C

Test
Time/h

Shrinkage Ratio of
Air-Dry Volume/%

Swelling Ratio of
Air-Dry Volume/%

Bending
Strength/Mpa

Modulus of
Elasticity/Gpa

China-Fir sapwood 185 2 5.53 3.64 68.1 12.18
China-Fir sapwood 200 2 4.61 2.73 59.79 11.83
China-Fir sapwood 215 2 4 2.17 56.29 11.14
China-Fir sapwood 230 2 3.16 2.06 50.18 10.39
China-Fir sapwood 170 3 5.67 3.84 70.02 12.04
China-Fir sapwood 185 3 5.47 3.41 68.07 11.53
China-Fir sapwood 200 3 4.45 2.5 52.96 11.19
China-Fir sapwood 215 3 3.61 1.89 50.27 11.01
China-Fir sapwood 230 3 2.72 1.47 40.19 10.09
China-Fir sapwood 170 4 5.44 3.41 69.46 11.61
China-Fir sapwood 185 4 5.06 3.27 65.19 11.14
China-Fir sapwood 200 4 3.84 2.03 47.71 11.06
China-Fir sapwood 215 4 3.27 1.79 40.69 10.27
China-Fir sapwood 230 4 2.38 1.39 38.26 9.97
China-Fir sapwood 170 5 5.07 3.31 68.85 11.38
China-Fir sapwood 185 5 4.89 2.1 63.63 10.37
China-Fir sapwood 200 5 3.14 1.83 46.34 10.12
China-Fir sapwood 215 5 3.51 1.47 38.4 9.92
China-Fir sapwood 230 5 2.37 1.26 34.72 9.33

Chinese White Poplar 170 1 6.41 2.53 78.17 11.71
Chinese White Poplar 185 1 6.36 1.99 80.3 11.43
Chinese White Poplar 200 1 6.16 1.79 64.44 11.49
Chinese White Poplar 215 1 4.5 1.48 54.88 11.48
Chinese White Poplar 230 1 3.29 1.39 43.32 11.22
Chinese White Poplar 170 2 6.36 2.49 78.83 11.81
Chinese White Poplar 185 2 5.95 1.86 73.89 11.23
Chinese White Poplar 200 2 5.14 1.77 59.63 11.43
Chinese White Poplar 215 2 3.25 1.38 49.1 11.35
Chinese White Poplar 230 2 2.66 1.33 42.25 11.1
Chinese White Poplar 170 3 6.27 2.37 81.59 11.67
Chinese White Poplar 185 3 5.71 1.65 73.14 11.08
Chinese White Poplar 200 3 4.5 1.51 51.71 11.38
Chinese White Poplar 215 3 3.18 1.27 47.18 11.21
Chinese White Poplar 230 3 2.43 1.25 37.69 10.81
Chinese White Poplar 170 4 6.01 1.93 76.99 11.35
Chinese White Poplar 185 4 5.45 1.52 66.48 10.95
Chinese White Poplar 200 4 4.25 1.44 48.71 11.27
Chinese White Poplar 215 4 3.02 1.21 41.63 10.95
Chinese White Poplar 230 4 2.34 1.21 36.01 10.7
Chinese White Poplar 170 5 5.82 1.82 76.48 11.3
Chinese White Poplar 185 5 5.4 1.48 66.17 10.74
Chinese White Poplar 200 5 4.17 1.39 47.51 11.04
Chinese White Poplar 215 5 2.53 1.14 36.97 10.69
Chinese White Poplar 230 5 2.12 1.09 33.58 10.48

Table A2. Hidden layer neuron number and optimal activation function evaluation results.

Number of Hidden
Layer Neurons

Activate
Functions

Average
Score

First-Fold
Score

Second-Fold
Score

Third-
Fold Score

Fourth-
Fold Score

Fifth-Fold
Score

Swelling
ratio of
air-dry
volume

3 relu-purelin 0.02112 0.02593 0.02112 0.02388 0.01589 0.01876
4 tansig-purelin 0.00315 0.00505 0.00097 0.00315 0.00434 0.00224
5 tansig-purelin 0.00254 0.00177 0.00340 0.00254 0.00177 0.00323
6 tansig-purelin 0.00220 0.00338 0.00044 0.00220 0.00335 0.00162
7 tansig-purelin 0.00391 0.00292 0.00333 0.00494 0.00391 0.00446
8 tansig-purelin 0.00303 0.00401 0.00293 0.00154 0.00366 0.00303
9 logsig-purelin 0.00424 0.00424 0.00596 0.00347 0.00187 0.00568
10 tansig-purelin 0.00322 0.00466 0.00322 0.00294 0.00282 0.00248
11 logsig-purelin 0.01156 0.01452 0.02439 0.00338 0.00393 0.01156
12 tansig-purelin 0.00493 0.00724 0.00493 0.00602 0.00279 0.00368
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Table A2. Cont.

Number of Hidden
Layer Neurons

Activate
Functions

Average
Score

First-Fold
Score

Second-Fold
Score

Third-
Fold Score

Fourth-
Fold Score

Fifth-Fold
Score

Shrinkage
ratio of
air-dry
volume

3 logsig-purelin 0.00194 0.00295 0.00194 0.00139 0.00116 0.00226
4 sigmoid-purelin 0.00307 0.00308 0.00208 0.00175 0.00287 0.00560
5 tansig-purelin 0.00213 0.00239 0.00213 0.00248 0.00181 0.00185
6 tansig-purelin 0.00115 0.00152 0.00033 0.00139 0.00115 0.00135
7 logsig-purelin 0.00333 0.00340 0.00333 0.00173 0.00337 0.00481
8 tansig-purelin 0.00296 0.00571 0.00179 0.00341 0.00093 0.00296
9 logsig-purelin 0.00220 0.00157 0.00181 0.00220 0.00202 0.00339
10 tansig-purelin 0.00693 0.00900 0.00437 0.00719 0.00693 0.00716
11 relu-purelin 0.00348 0.00199 0.00611 0.00196 0.00387 0.00348
12 tansig-purelin 0.00670 0.00747 0.00418 0.00591 0.00670 0.00926

Modulus of
Elasticity

3 logsig-sigmod 0.00331 0.00291 0.00324 0.00272 0.00410 0.00360
4 tansig-purelin 0.00281 0.00339 0.00265 0.00392 0.00159 0.00251
5 tansig-purelin 0.00280 0.00352 0.00283 0.00289 0.00267 0.00210
6 relu-sigmod 0.00541 0.00541 0.01180 0.00196 0.00131 0.00658
7 tansig-purelin 0.00150 0.00184 0.00028 0.00150 0.00242 0.00148
8 tansig-purelin 0.00243 0.00239 0.00354 0.00126 0.00252 0.00243
9 tansig-purelin 0.00594 0.00711 0.00594 0.00784 0.00488 0.00396
10 sigmoid-purelin 0.01675 0.01675 0.01496 0.02861 0.00833 0.01512
11 tansig-purelin 0.00183 0.00192 0.00154 0.00239 0.00183 0.00147
12 tansig-purelin 0.00131 0.00131 0.00037 0.00191 0.00155 0.00141

Bending
Strength

3 tansig-purelin 0.00156 0.00202 0.00213 0.00154 0.00056 0.00156
4 sigmoid-purelin 0.00169 0.00294 0.00022 0.00307 0.00169 0.00055
5 tansig-purelin 0.00308 0.00517 0.00037 0.00584 0.00308 0.00095
6 logsig-purelin 0.00132 0.00168 0.00044 0.00132 0.00144 0.00172
7 tansig-purelin 0.00136 0.00143 0.00140 0.00130 0.00131 0.00136
8 tansig-purelin 0.00106 0.00108 0.00040 0.00106 0.00129 0.00145
9 tansig-purelin 0.00162 0.00019 0.00162 0.00268 0.00270 0.00092
10 logsig-purelin 0.00194 0.00287 0.00189 0.00194 0.00082 0.00217
11 tansig-purelin 0.00127 0.00101 0.00189 0.00043 0.00178 0.00128
12 sigmoid-purelin 0.00328 0.00417 0.00366 0.00257 0.00263 0.00338
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