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Abstract

In industrial building projects, steel is the main material used to create sturdy structures
that have large open spaces without many columns in the center of the building. To estimate
the cost of constructing a building before it enters the detailed design stage, engineers and
stakeholders must have the right tools and guidelines. Steel is an important construction
material used at high volumes in industrial buildings, and it plays a significant role in
determining the total cost of a project. This study develops and evaluates an artificial
neural network (ANN) model based on multilayer perceptron (MLP) to predict the weight
of steel structures in industrial buildings. The data collected include actual projects from
180 industrial building projects, using parameters that influence the weight of steel. The
findings show that the ANN method can accurately estimate the weight of steel at an early
stage in the building project, even before the detailed design phase. It was found that ANN
has the ability to predict the weight of steel for industrial buildings with an excellent degree
of accuracy, with a coefficient of correlation (R?) of 94.85% and prediction accuracy (PA)
of 94.23%. This indicates that the relationship between the independent and dependent
variables of the developed models is good and the predicted values from the forecast model
fit with the real-life data.

Keywords: steel structures; industrial buildings; weight prediction; artificial neural
networks; construction industry

1. Introduction

Steel structures have long been a popular choice for symmetrical industrial buildings
due to their durability, strength, and cost-effectiveness. Such structures allow for the
efficient use of open space, which is required by most industrial buildings, making steel
ideal for use in the construction of warehouses, factories, and other industrial facilities [1,2].
In addition, steel structures can easily be customized and adapted to meet the specific
needs of a project, allowing for efficient construction and flexibility in terms of design.
With advancements in technology and construction techniques, steel structures continue
to be a reliable and versatile option for industrial buildings [1]. Steel structures also offer
sustainability benefits, as they are often made from recycled materials and can be recycled
at the end of their lifespan. This makes them a more environmentally friendly option
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compared to traditional building materials. Additionally, steel structures can be erected
quickly, reducing construction time and costs [3]. Overall, the versatility, durability, and
sustainability of steel structures mean that they are a top choice for industrial buildings in
today’s market.

Many researchers have applied the neural network approach in various fields of
engineering prediction and optimization. However, research on the use of neural networks
to predict the weight of steel in the construction world is still very limited.

In this study, we developed an ANN model to predict the weight of steel in industrial
building projects at the conceptual stage, depending on historical data, of projects imple-
mented in Indonesia between 2010 and 2024 to help users predict the weight of steel at the
early stage of the construction of industrial buildings with a high level of accuracy.

The choice of an artificial neural network (ANN) utilizing a multilayer perceptron
(MLP) architecture was driven by its established capability to represent intricate, nonlinear
correlations among design parameters. Unlike dimensionality reduction methods such
as principal component analysis (PCA) or t-distributed stochastic neighbor embedding
(t-SNE), which focus on feature extraction or visualization, an artificial neural network
(ANN) offers a direct predictive mapping from input to output. While PCA can reduce
input dimensionality, our dataset consists of only seven important characteristics, making
dimensionality reduction unnecessary. Furthermore, an artificial neural network can
intrinsically obtain relevant feature combinations through its hidden layers. Future research
may involve integrating PCA or t-SNE with an ANN as a preprocessing technique to
improve training efficiency, especially with the availability of larger datasets containing
additional parameters.

2. Applications of Artificial Neural Networks in Weight Prediction

In 1943, McCulloch and Pitts created the first artificial neural network paradigm for
programming [4]. McCulloch’s and Pitts’s network constitutes the foundational model for
all those developed thereafter. In 1960, with the McCulloch—Pitts neuron model, Rosen-
blatt [5] developed a direct representation of real neurons, termed the perceptron. Rosen-
blatt’s perceptron comprises responsive units and is linked to single-layer neurons in-
troduced by McCulloch and Pitts. ANN has been applied in various fields of structural
engineering. These applications include studies on the evaluation of beam damage loca-
tion [6], the influence of various design parameters on the seismic performance [7], the
evaluation of the capacity and strength of structural components [8-10], the study of the
inelastic distortional buckling capacity of CFS elements [11], the prediction of the moment-
rotation behavior of semi-rigid composite joints [12], the assessment of the bond strength
between steel and concrete in reinforced concrete [13], material behavior modeling [14],
concrete corrosion in sewer systems [15], and moment-resisting frame structures [16]. This
variety of examples shows that the application of the ANN method is not limited to a
particular field; rather, this method can be used in various fields of structural engineering.

At the conceptual stage, predicting the weight of a steel structure is a crucial element of
an industrial building project. An early, accurate estimation of the cost of the project helps
to support stakeholders in the decision-making process [17-19], allowing them to choose
adequate alternatives and avoid misjudging solutions. In industrial building projects,
various parameters influence the steel weight per unit area of a structure, such as the span,
length, height, rafter pitch, structure type, and type of roof. Moreover, the accuracy of
predicting the weight of a steel structure is a key factor in the success of a construction
project, also affecting the stakeholders’ decision-making process [20]. However, it is difficult
to quickly and accurately predict the weight of a steel structure at the conceptual stage
because the drawings and documentation are generally incomplete. For this reason, Al
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techniques have been developed to accurately estimate the weight of steel with the limited
project information available at the early stages.

Our previous research, entitled “Prediction of steel structure weight can be achieved
using artificial neural network (ANN)” [16], showed that an ANN can accurately predict
the weight of steel structures, which can be crucial for estimating building costs and
construction time, and ensuring that the project runs well and in a sustainable way. While
many studies have investigated the application of artificial neural networks (ANNSs) in
structural engineering, research especially aimed at the early-stage prediction of steel
weight for industrial structures is still few. This research utilized ANN on a constrained
dataset with few parameters, primarily concentrating on building height and span. This
study fills this research gap by employing a much bigger dataset of 180 finished buildings
that includes seven important design factors: span, eaves height, building length, bay
spacing, rafter pitch, structural type, and roof type. The suggested model seeks to facilitate
conceptual design decisions by providing rapid and precise steel weight estimations.
Recent machine learning applications in construction [21] show that Al-based methods
could accurately learn nonlinear relationships between design parameters.

3. Methods
3.1. Neural Network Models

New approaches based on computer systems theory that simulate the learning effects
of the human brain, such as artificial neural networks (ANNs), have grown in popularity.
The ANN is an artificial intelligence technique that takes a computational approach inspired
by the way the human brain processes information; it studies how to make computers
solve problems by learning from a set of data [22,23]. Figure 1 shows a biological neuron in
comparison to an artificial neural network.

terminal axon

Figure 1. A biological neuron in comparison to an artificial neural network [24].

ANNSs operate differently to computer programs that necessitate explicit and precise
instructions. Artificial neural networks possess the capacity to learn from a multitude
of defined examples, akin to human learning [24]. Artificial neural networks (ANNSs),
commonly referred to as neural networks, provide a system and methodology for compu-
tational machine learning aimed at representing knowledge and subsequently utilizing the
acquired knowledge to forecast the output response of a complex system. This system com-
prises numerous process units termed “neurons”, which are combined to solve problems
together and transmit information through synapses, as shown in Figure 2. In this network,
if a neuron is damaged, other neurons can compensate for its absence. This network is
like a biological cell that can learn and adapt based on collective input. Learning in this
system occurs in an adaptive way, namely by using examples. The weights of synapses
are changed in terms of new entries, and the system will generate the correct response by
ignoring the incorrect entries. Learning inside this system occurs adaptively; utilizing data
examples, synaptic weights are adjusted with the introduction of fresh data, enabling the
system to produce accurate replies while disregarding erroneous inputs.
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Figure 2. A biological synapse and ANN synapses [24].
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The artificial neuron receives input impulses and produces output signals. All data
from the surrounding environment or an output from other neurons can be used as an

input signal. A model of an artificial neuron is shown in Figure 3.
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Figure 3. Model of artificial neuron.

3.2. Architecture of Neural Network
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A neural network is composed of numerous mutually connected neurons grouped in
layers. The complexity of the network is determined by the number of layers. Between the
input (first) and the output (last) layer, a network can have one or several hidden layers
(Figure 4). The function of the input layer is to receive data from the environment. The data
are processed in the hidden layers and sent to the output layer.
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The final outputs from the network are the neuron activations from the last layer,
which constitute the solution to the analyzed problem. The input data can have any form
or type. The fundamental principle is that for each piece of data, we must have only one
input value. Depending on the problem’s type, the network can have one or few outputs.

3.3. Weight Coefficients

Weight coefficients are fundamental components of all neural networks. They express
the relative importance of each neuron’s input and determine the input’s ability to stimulate
the neurons [25-28].

Every input neuron has its own weight coefficient. We compute the input signal from
each neuron by multiplying the weight coefficients with the input signals and summing
the results. The input data are marked as x;, and the appropriate weight coefficients are
marked as wj;, as shown in Figure 4. Neurons register the summed input impulse, which is
equal to the sum of all inputs, as shown in Equation (1).

Z = WjjX; + b (1)

The main purpose of the activation function is to determine whether the result from
the summation inputs from Equation (2) can generate an output. This function is related to
the neurons from the hidden layers. Almost every nonlinear function can be used as an
activation function, but a common practice is to use the sigmoid function (log sigmoid and
hyperbolic tangent), as demonstrated with Equation (2).

1

f(x):m

(2)
A crucial property of neural networks is their capacity to modify weights based on
historical input, which is the network’s learning process.

3.4. Neural Network Training Process

Artificial neural networks possess several fundamental characteristics, notably their
learning ability, which aligns them with real-world processes and human cognition, along-
side their capacity to identify connections within chaotic and incomprehensible data and
their generalization ability. Therefore, network parameters such as number of hidden layers,
number of hidden nodes, transfer functions, and learning rules were trained multiple times
to produce the best weights for the model.

The training process of neural networks involves the periodic transmission of data
through the network and the comparison of the received input values with the anticipated
ones. If a discrepancy exists between those values, an adjustment of the weight coefficient
(change in the neuron connections) must be implemented. This procedure is reiterated
several times until the network responds as desired, or until all weight coefficients from
the training data are fully adjusted. When the network produces accurate outputs for the
entirety of the training data, it can be classified as a trained network. After the training
process, the network should be able to generate outputs for new input data that are different
from the training ones [29-31].

The learning and training processes within neural networks are crucial to ensuring
their effectiveness in addressing engineering prediction challenges.

4. Methodology

This study employs a case study approach using an earned value dataset comprising
180 historical cases of industrial building projects from engineering institutions, contrac-
tors, and consultants in Indonesia. Multiple models are built and trained with different
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structures using the ANN model created in Python 3.8.0. To assure reproducibility, we es-
tablished a fixed random seed to guarantee deterministic outcomes. Input parameters were
standardized by min-max scaling to the range [0, 1]. The model was executed in Python
3.8.0 utilizing TensorFlow 2.0, trained for 200 epochs with a batch size of 32, a learning rate
of 0.001, and the Adam optimizer (1 = 0.9, 32 = 0.999). The data was arbitrarily allocated
to 85% for training and 15% for testing. The average performance indicators (R?, MSE,
MAPE, PA) were documented after each experiment was conducted three times.

4.1. Data Collection

The data collection method used in this study is based on direct and indirect historical
data. Table A1 in the Appendix A shows 180 industrial building constructions collected
between 2010 and 2024 from engineering institutions, consultants, and contractors in
Indonesia. Furthermore, the data are analyzed, in addition to the information on the type
of structure and the weight per square meter obtained by forecasting techniques such as
regression modeling and neural networks used as tools for prediction and optimization in
various fields of project management knowledge. Thus, this study is based on the scientific
foundations set by previous studies; we also use historical data analysis as a methodological
basis. In addition, the use of historical data helps us to identify relationships between the
main factors that influence the value parameters obtained from public building projects
to make estimates for new projects used for validation purposes. A total of 180 industrial
building projects were included in the dataset, which is statistically adequate for training a
supervised learning model with seven input parameters. The number of samples should be
at least 10-20 times the number of model parameters, the sample size in this study exceeds
the recommended minimum. Data quality was ensured by cleaning for outliers and missing
values: projects with incomplete geometric data, inconsistent unit usage, or extreme steel
weights outside three standard deviations from the mean were excluded. The final dataset
represents a balanced distribution of portal frame and portal truss structures and different
roofing types. All data were validated through cross-checking with engineering consultants
and project records.

In the questionnaire, the respondents were expected to provide the following details:
information regarding the significant influence of industrial building information (see
Figure 5), such as span, length, bay spacing, height, rafter pitch, structure type, and type
of roof, on the steel weight per unit area of the building. Structure type, such as a portal
frame or portal truss, is illustrated in Figure 6.

BAY
SPACING / =

RAFTER
PITCH

—
EAVES
HEGIHT
LENGTH

SPAN

Figure 5. Geometry of symmetrical portal frames.
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Portal Frame Portal Truss

Figure 6. Structure Type.

The total weight of the structure includes the weight of the beams, columns, connec-
tions, base plates, etc. At the end, by dividing the total weight value by the building’s
covered area, the weight of steel structures per unit area of the building was calculated
and implemented.

Considering the importance of accuracy in the implementation of the network, 15% of
the designed data were assigned to testing to ensure that the program would not face
any problems in the processing of the final response. The range of variations in the input
parameters for AAN is summarized in Table 1. Network training was performed after the
division of the database.

Table 1. Design parameters.

Design Parameter Definition Range
X1 Span 8-45 m
Xz Length 36-96 m
X3 Bay spacing 4-8m
X4 Eaves height 5-8m
X5 Rafter pitch 10-15°
Xs Structure Type Portal frame (1), portal truss (2)
Metal sheet (1), Upvc sheet (2)
Xy Type of Roofing Metal sheet, solar panel (3)

Upvec sheet, solar panel (4)

4.2. Performance Evaluation

Four methods were used to evaluate the performance: mean squared error (MSE),
mean absolute percent error (MAPE), coefficient of determination (R?), and prediction
accuracy (PA). MSE, MAPE, R?, and PA can be calculated by Equations (3)—(6).

1 n
MSE = =Y (O; — P;)? 3
n;( i—P) (3)
i O;,— P
MAPE = =1 =1 1 % 100% (4)
1 2
121 (Oz - Pi)
2 1=
RE=1-5—"7— ()
Y. (0;-0)?
i=1
PA =100 — MAPE (6)

where O; represents the original data or the observed/actual data, P; represents the pre-
dicted data or modeled data, O represents the mean of the observed data, n represents
the total number of data in each stage of the training and test trials, and PA represents the
prediction accuracy. The ANN was implemented in Python 3.8.0 (TensorFlow) using a



Symmetry 2025, 17, 1579

8of 17

multilayer perceptron (MLP) architecture. The hidden layer employed the ReLU activation
function, while the output layer used a linear activation function. For model validation,
the dataset was randomly divided into 85% training data and 15% testing data, ensuring
unbiased evaluation in each run.

5. Results and Discussion

Model validation is a very important step in the steel weight prediction model to test
its accuracy; this includes testing and evaluating the developed model with some validation
or test data. The validation data are taken randomly from the dataset and should not enter
into model development. This study used 30 datasets to check the accuracy of the model.
We also evaluated the validity of the derived equation of the model. Regression plot of
predicted vs. actual steel weight displayed in Figure 7 and ANN training vs. validation
loss displayed in Figure 8.

40
35 e
30
25

C 4 -®
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15

-®
10 _... { J

Predicted Steel Weight (ton/m?)
o
&

0 5 10 15 20 25 30 35 40 45

Actual steel weight (ton/m?)

Figure 7. Regression plot of predicted vs. actual steel weight.
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Figure 8. Training vs. validation loss.
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Table 2 shows the results of the validation process. It shows test data for actual steel
weight and ANN model prediction. The developed model (7-8-1) predicts an accuracy (PA)
of more than 94.23%. Therefore, the performance of the developed model was considered
to be more than satisfactory.

Table 2. Actual steel weight and ANN model prediction.

Actual ANN Prediction ANN Prediction ANN Prediction ANN Prediction
No. Steel Model Accuracy Model Accuracy Model Accuracy Model Accuracy
(ton/m?) (7-4-1) (%) (7-6-1) (%) (7-8-1) (%) (7-10-1) (%)
1 23.45 21.40 91.27 22.40 95.53 22.70 96.81 22.80 447
2 22.94 22.80 99.40 25.70 89.25 25.10 91.39 25.10 10.75
3 16.87 19.30 87.39 18.90 89.24 18.70 90.19 18.50 10.76
4 13.39 15.30 87.54 13.60 98.49 13.60 98.49 13.60 1.51
5 16.70 20.50 81.47 17.10 97.67 17.30 96.54 17.70 2.33
6 17.14 18.60 92.14 17.10 99.78 17.00 99.19 16.90 0.22
7 24.00 21.90 91.26 21.10 87.93 21.60 90.01 21.40 12.07
8 16.10 16.30 98.77 14.10 87.58 14.30 88.82 14.20 12.42
9 27.71 25.90 93.45 28.40 97.58 28.00 98.98 28.00 2.42
10 14.18 16.00 88.59 14.10 99.47 13.90 98.06 14.00 0.53
11 11.37 14.30 79.48 12.10 93.93 11.10 97.67 11.70 6.07
12 9.81 14.50 67.66 11.30 86.81 10.70 91.68 11.40 13.19
13 27.71 25.90 93.45 28.40 97.58 28.00 98.98 28.00 242
14 10.60 13.50 78.48 11.00 96.32 10.80 98.10 12.00 3.68
15 33.84 28.20 83.33 32.60 96.33 32.60 96.33 32.60 3.67
16 16.45 16.40 99.71 16.00 97.28 16.50 99.68 16.40 2.72
17 19.42 19.90 97.56 21.40 90.72 21.60 89.88 21.70 9.28
18 22.56 24.70 91.34 23.30 96.83 23.70 95.20 23.00 3.17
19 38.85 29.10 74.90 34.40 88.54 34.50 88.79 34.70 11.46
20 17.28 16.50 95.50 17.20 99.55 17.50 98.73 17.60 0.45
21 12.84 14.10 91.06 11.80 91.91 11.60 90.35 12.20 8.09
22 25.52 23.20 90.92 23.60 92.49 23.40 91.71 24.00 7.51
23 23.45 20.90 89.14 22.80 97.24 23.40 99.80 23.80 2.76
24 21.80 22.20 98.19 22.60 96.45 23.20 93.96 24.70 3.55
25 15.66 16.80 93.19 15.20 97.09 15.30 97.73 15.10 291
26 17.37 15.80 90.94 15.20 87.49 15.80 90.94 15.40 12.51
27 39.10 27.90 71.35 32.10 82.09 32.10 82.09 31.90 17.91
28 17.37 16.10 92.67 14.60 84.03 15.00 86.34 14.70 15.97
29 8.55 12.30 69.54 9.50 90.04 9.10 94.00 9.80 9.96
30 12.63 15.00 84.21 12.20 96.59 12.20 96.59 12.80 3.41
88.13% 93.39% 94.23% 93.37%
From the regression value of 0.9485 found by ANN (7-8-1), outlined in Table 3, it can
be seen that the predicted values from the testing data in the ANN model are very close to
the target value. A network with eight neurons in the hidden layer has the smallest error,
so this type of network is chosen as the best for predicting the steel weight per square meter.
The performance results are collected in Table 3 and displayed in Figure 9, showing that
the prediction accuracy of the chosen ANN model (7-8-1) is 94.23%.
Table 3. Neural network testing result.
ANN ANN ANN ANN ANN ANN ANN
(7-4-1) (7-5-1) (7-6-1) (7-7-1) (7-8-1) (7-9-1) (7-10-1)
R? 0.9051 0.9121 0.9426 0.9448 0.9485 0.9421 0.9409
MSE 12.676 9.206 4.132 4.168 3.717 3.913 4.147
MAPE 13.710 10.744 6.859 6.352 5.933 6.813 6.990

Prediction Accuracy

88.13% 90.23% 93.39% 93.85% 94.23% 93.52% 93.36%
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Steel Weight (ton/m?
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Figure 9. Comparison of ANN prediction with actual steel weight.
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Table 4 shows ANOVA results for design parameters, indicate that span and eaves
height are the two most influential predictors of steel weight (p < 0.01), followed by length
and bay spacing (p < 0.05). Rafter pitch shows a weaker but still meaningful effect (p ~ 0.07),
while categorical variables (structure type and roof type) are significant at p < 0.10 when
encoded as one-hot vectors. This finding emphasizes the importance of span optimization
at the early design stage, as it has the greatest impact on steel consumption and overall

structural efficiency.

Table 4. ANOVA Results for Design Parameters.

No. Factor F p-Value
1. Span 24.8 0.000
2. Eaves Height 19.7 0.000
3. Length 7.6 0.008
4. Bay Spacing 5.4 0.022
5. Rafter Pitch 3.3 0.072
6. Structure Type 29 0.089
7. Roof Type 24 0.12

A sensitivity study based on perturbation analysis of normalized inputs corroborates
the ANOVA findings: span exhibits the largest marginal effect, and then eaves height,
length, and bay spacing, displayed in Figure 10. This alignment between statistical and
sensitivity perspectives helps explain the high predictive performance of the 7-8-1 MLP.

Sensitivity Analysis of Design Parameters
Span
Eaves Height
Length
Bay Spacing
Rafter Pitch
Structure Type

Roof Type

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Relative Importance

Figure 10. Sensitivity analysis of design parameters.
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6. Conclusions

In this study, we aimed to develop an ANN model for predicting the preliminary
design phase structural steel weight of industrial building projects in Indonesia. This model
helps to assist the stakeholders involved in industrial building projects, such as owners,
consultants, and contractors, with obtaining structural steel weights during the preliminary
design phase before moving on to the main design phase.

The model that provided the most accurate results was the supervised learning artifi-
cial neural network multilayer perceptron (MLP) model with a backpropagation algorithm.
This model was structured with one input layer that included seven input neurons, one
hidden layer that contained eight hidden neurons, and one output neuron that represented
the predicted steel weight, activation function, and backpropagation algorithm.

The accuracy performance of the adopted model was recorded at 94.234%; the model
performed well, and no significant difference was discerned between the estimated output
and the actual steel weight. This model is capable of providing excellent estimates and
predictions of structural steel weight at a project’s early stage.

There are two potential developments that will be considered in future research. Com-
bining optimization techniques such as genetic algorithms or particle swarm optimization
could improve predictive accuracy, convergence rate, and model generalization. Further-
more, expanding the existing project dataset to include a broader and more diverse sample
from different geographies and construction types could improve model generalization.
This improvement would be more adaptable and broadly applicable to predicting steel
weight in construction projects while simultaneously improving predictive accuracy.
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Appendix A

Table Al. Historical Data.

Bay Eaves .
No. S(I;?)n Leirl;g)th Spacing Height I;?f;;r Sttﬁ‘l};,c;:re Type of Roofing St::te()lryn?z%ht
(m) (m)
1 30 54 6 6 11 Portal Frame Metal roof sheets 18.628
2 22 66 6 6 12 Portal Frame Metal roof sheets 11.722
3 28 72 6 8 11 Portal Frame Metal roof sheets 17.138
4 32 80 8 7 11 Portal Truss Metal roof sheets 17.204
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Table A1l. Cont.
N Span Length S Bay I;:a.ve; Rafter Structure T £ Roofi Steel Weight
“ m  (@m) P(jfl‘)“g ff) Y Pitch Type ype of Roofing (ton/m?)
5 45 72 6 6 10 Portal Frame = Upvc + Solar Panel 30.103
6 20 48 4 7 12 Portal Frame Upvce 18.946
7 28 48 4 8 11 Portal Frame Metal roof sheets 25.558
8 45 72 6 6 10 Portal Frame Upvc + Solar Panel 30.103
9 30 36 4 6 11 Portal Frame Upvc 27.941
10 22 66 6 6 12 Portal Truss Metal roof sheets 15.280
11 22 44 4 6 12 Portal Frame Metal roof sheets 17.371
12 28 72 6 8 11 Portal Frame = Upvc + Solar Panel 18.563
13 30 54 6 6 12 Portal Truss Metal roof sheets 23.035
14 37 88 8 8 10 Portal Frame Metal roof sheets 15.961
15 28 72 6 8 11 Portal Truss Metal roof sheets 20.780
16 425 48 4 6 10 Portal Frame Metal roof sheets 33.262
17 30 72 8 6 11 Portal Frame Metal roof sheets 13.971
18 37 66 6 8 10 Portal Frame  Upvc + Solar Panel 24.033
19 35 66 6 7 11 Portal Frame Metal roof sheets 20.874
20 22 88 8 6 12 Portal Truss Metal roof sheets 11.460
21 42.5 48 4 6 10 Portal Frame Upvc 33.405
17 30 72 8 6 11 Portal Frame Metal roof sheets 13.971
18 37 66 6 8 10 Portal Frame Upvc + Solar Panel 24.033
19 35 66 6 7 11 Portal Frame Metal roof sheets 20.874
20 22 88 8 6 12 Portal Truss Metal roof sheets 11.460
21 42.5 48 4 6 10 Portal Frame Upvc 33.405
22 20 72 6 7 12 Portal Frame Metal roof sheets 12.665
23 35 44 4 7 11 Portal Frame Upvce 31.311
24 26 60 6 7 12 Portal Truss Metal roof sheets 20.933
25 25 72 6 6 11.5 Portal Truss Metal roof sheets 20.012
26 35 66 6 7 11 Portal Truss Metal roof sheets 27.550
27 45 72 6 6 10 Portal Truss Metal roof sheets 39.103
28 26 60 6 7 12 Portal Frame Upvc + Solar Panel 18.537
29 28 72 6 8 11 Portal Truss Metal roof sheets 20.780
30 28 48 4 8 11 Portal Frame Upvce 25.706
31 30 54 6 6 11 Portal Frame Upvc + Solar Panel 18.982
32 40 72 6 6 10 Portal Truss Metal roof sheets 29.550
33 32 60 6 7 11 Portal Frame Metal roof sheets 18.900
34 18 60 6 6 10 Portal Frame Metal roof sheets 10.351
35 18 60 6 6 10 Portal Frame Metal roof sheets 10.379
36 30 72 8 6 11 Portal Truss Metal roof sheets 17.184
37 30 36 4 6 11 Portal Frame Metal roof sheets 27.788
38 37 44 4 8 10 Portal Frame Upvce 31.922
39 22 66 6 6 12 Portal Frame Upvc 11.688
40 28 96 8 8 11 Portal Truss Metal roof sheets 15.585
41 42.5 72 6 6 10 Portal Truss Metal roof sheets 29.064
2 2 60 6 7 12 Portal Frame  MVetal roof sheets+ 18.537
Solar Panel
43 15 48 6 6 10 Portal Truss Metal roof sheets 15.892
44 26 60 6 7 12 Portal Frame Metal roof sheets 17.119
45 15 32 4 6 10 Portal Frame Metal roof sheets 16.932
46 28 72 6 8 11 Portal Frame Upvc + Solar Panel 18.563
47 20 72 6 7 12 Portal Frame Metal roof sheets 12.631
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Table A1l. Cont.
N Span Length S Bay IEa’velft Rafter Structure T £ Roofi Steel Weight
“ m  (@m) P(jfl‘)“g ff) Pitch Type ype of Roofing (ton/m?)
48 425 7 6 6 10 Portal Frame  Metal roof sheets + 25.780
Solar Panel
49 25 72 6 6 11.5 Portal Truss Metal roof sheets 20.012
50 18 80 8 6 10 Portal Frame Metal roof sheets 7.763
51 18 60 6 6 10 Portal Frame Upvc 8.791
52 35 44 4 7 11 Portal Frame Metal roof sheets 31.164
53 30 54 6 6 11 Portal Frame Metal roof sheets 18.628
54 32 60 6 7 11 Portal Frame Upvce 17.118
55 22 44 4 6 12 Portal Frame Upvc 17.532
56 35 66 6 7 11 Portal Frame Upvc 20.874
57 45 72 6 6 10 Portal Frame  MVetal roof sheets + 30.103
Solar Panel
58 35 66 6 7 11 Portal Truss Metal roof sheets 27.550
59 32 60 6 7 11 Portal Frame Metal roof sheets 18.900
60 15 48 6 6 10 Portal Frame Upvc + Solar Panel 11.345
61 25 48 4 6 11.5 Portal Frame Upvc 24.150
62 26 60 6 7 12 Portal Frame Upvc 17.119
63 20 72 6 7 12 Portal Frame Upvc + Solar Panel 14.719
64 40 72 6 6 10 Portal Frame  Upvc + Solar Panel 26.270
65 30 36 4 6 12 Portal Frame Metal roof sheets 27.856
66 20 72 6 7 12 Portal Frame Upvc + Solar Panel 14.686
67 20 96 8 7 12 Portal Truss Metal roof sheets 12.335
68 45 72 6 6 10 Portal Frame Metal roof sheets 25.903
69 18 40 4 6 10 Portal Frame Upvce 15.527
70 20 72 6 7 12 Portal Truss Metal roof sheets 16.447
71 22 88 8 6 12 Portal Frame Metal roof sheets 8.766
72 30 54 6 6 11 Portal Frame Upvc 16.828
73 45 72 6 6 10 Portal Frame Upvc 25.903
74 425 72 6 6 10 Portal Frame Metal roof sheets 22.270
75 37 88 8 8 10 Portal Truss Metal roof sheets 20.785
76 28 72 6 8 11 Portal Frame Metal roof sheets 17.138
77 20 96 8 7 12 Portal Frame Metal roof sheets 9.473
78 32 40 4 7 11 Portal Frame Upvc 28.350
79 24 54 6 6 12 Portal Frame Metal roof sheets 16.822
80 40 72 6 6 10 Portal Frame Metal roof sheets 22.562
81 15 48 6 6 10 Portal Frame  Metal roof sheets + 11.345
Solar Panel
82 45 96 8 6 10 Portal Frame Metal roof sheets 19.427
83 25 72 6 6 11.5 Portal Frame Upvce 16.100
84 40 96 8 6 10 Portal Frame Metal roof sheets 16.922
85 32 40 4 7 11 Portal Frame Metal roof sheets 28.198
86 15 48 6 6 10 Portal Frame Metal roof sheets 11.434
87 18 60 6 6 10 Portal Frame Upvc + Solar Panel 10.089
88 18 40 4 6 10 Portal Frame Metal roof sheets 15.364
89 32 60 6 7 11 Portal Frame Upvc + Solar Panel 19.415
90 28 72 6 8 11 Portal Frame  Metal roof sheets + 18.563
Solar Panel
91 26 80 8 7 12 Portal Truss Metal roof sheets 15.699
92 26 60 6 7 12 Portal Frame = Upvc + Solar Panel 18.537
93 42.5 72 6 6 10 Portal Truss Metal roof sheets 29.064
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N Span Length S Bay IEa’velft Rafter Structure T £ Roofi Steel Weight
“ m  (@m) P(jfl‘)“g ff) Pitch Type ype of Roofing (ton/m?)
94 45 48 4 6 10 Portal Frame Metal roof sheets 38.705
95 40 48 4 6 10 Portal Frame Metal roof sheets 33.700
96 25 96 8 6 11.5 Portal Frame Metal roof sheets 12.075
97 26 60 6 7 12 Portal Truss Metal roof sheets 20.933
98 20 48 4 7 12 Portal Frame Metal roof sheets 18.786
99 30 54 6 6 11 Portal Truss Metal roof sheets 22.912
100 15 64 8 6 10 Portal Truss Metal roof sheets 11.919
101 22 66 6 6 12 Portal Frame Metal roof sheets 11.688
102 26 60 6 7 12 Portal Frame Metal roof sheets 17.119
103 30 72 8 6 12 Portal Frame Metal roof sheets 14.004
104 425 72 6 6 10 Portal Frame Upvc 22.270
105 40 72 6 6 10 Portal Frame Upvc + Solar Panel 26.270
106 20 72 6 7 12 Portal Frame  Metal roof sheets + 14.686
Solar Panel
107 37 66 6 8 10 Portal Frame Upvce 21.282
108 40 72 6 6 10 Portal Truss Metal roof sheets 29.550
109 22 66 6 6 12 Portal Truss Metal roof sheets 15.280
110 26 40 4 7 12 Portal Frame Upvce 25.679
111 15 32 4 6 10 Portal Frame Upvce 17.109
112 28 96 8 8 11 Portal Frame Metal roof sheets 12.85
113 25 96 8 6 11.5 Portal Truss Metal roof sheets 15.009
114 30 54 6 6 12 Portal Frame Metal roof sheets 18.673
115 18 60 6 6 10 Portal Truss Metal roof sheets 14.127
116 32 60 6 7 11 Portal Truss Metal roof sheets 22.938
117 35 66 6 7 11 Portal Frame Metal roof sheets 20.874
118 37 66 6 8 10 Portal Frame Metal roof sheets 21.282
19 22 66 6 6 12 Portal Frame  MVetal roof sheets+ 13.394
Solar Panel
120 30 54 6 6 12 Portal Frame  Vietal roof sheets + 19.021
Solar Panel
121 40 96 8 6 10 Portal Truss Metal roof sheets 22.163
122 32 60 6 7 11 Portal Frame Upvc + Solar Panel 19.415
123 37 66 6 8 10 Portal Frame Metal roof sheets 21.282
124 425 72 6 6 10 Portal Frame  Upvc + Solar Panel 25.780
125 18 60 6 6 10 Portal Truss Metal roof sheets 14.127
126 425 72 6 6 10 Portal Frame Upvc + Solar Panel 25.780
127 40 72 6 6 10 Portal Frame  MVetalroof sheets + 26.270
Solar Panel
128 37 66 6 8 10 Portal Frame  Vetalroof sheets+ 24.033
Solar Panel
129 30 54 6 6 11 Portal Truss Metal roof sheets 22.912
130 30 54 6 6 11 Portal Frame Upvc + Solar Panel 18.982
131 18 60 6 6 10 Portal Frame Upvc + Solar Panel 10.109
132 30 54 6 6 11 Portal Frame  Metal roof sheets + 18.982
Solar Panel
133 25 60 6 6 11.5 Portal Frame Metal roof sheets 16.348
134 30 54 6 6 12 Portal Frame Upvc + Solar Panel 19.021
135 30 36 4 6 12 Portal Frame Upvc 28.009
136 15 48 6 6 10 Portal Frame Metal roof sheets 11.406
137 425 72 6 6 10 Portal Frame Metal roof sheets 22.270
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N Span Length S Bay IEa’velft Rafter Structure T £ Roofi Steel Weight
“ m  (@m) P(jfl‘)“g ff) Pitch Type ype of Roofing (ton/m?)
138 37 66 6 8 10 Portal Frame = Upvc + Solar Panel 24.033
139 40 72 6 6 10 Portal Frame Metal roof sheets 22.562
140 37 44 4 8 10 Portal Frame Metal roof sheets 31.774
141 45 96 8 6 10 Portal Truss Metal roof sheets 29.327
142 30 54 6 6 12 Portal Truss Metal roof sheets 23.035
143 45 72 6 6 10 Portal Frame Metal roof sheets 25.903
144 18 60 6 6 10 Portal Frame  MVietal roof sheets+ 10.089
Solar Panel
145 30 54 6 6 12 Portal Frame  Upvc + Solar Panel 19.021
146 15 48 6 6 10 Portal Truss Metal roof sheets 15.892
147 25 72 6 6 11.5 Portal Frame  Upvc + Solar Panel 17.374
148 35 66 6 7 11 Portal Frame  Metal roof sheets+ 23.447
Solar Panel
149 22 66 6 6 12 Portal Frame  Upvc + Solar Panel 13.429
150 35 88 8 7 11 Portal Truss Metal roof sheets 20.662
151 35 66 6 7 11 Portal Frame Upvc + Solar Panel 23.447
152 32 60 6 7 11 Portal Truss Metal roof sheets 22.938
153 30 54 6 6 12 Portal Frame Upvce 16.866
154 22 66 6 6 12 Portal Frame  Upvc + Solar Panel 13.394
155 425 96 8 6 10 Portal Frame Metal roof sheets 16.702
156 28 72 6 8 11 Portal Frame Upvc 17.138
157 25 48 4 6 115 Portal Frame Metal roof sheets 23.997
158 25 72 6 6 115 Portal Frame Metal roof sheets 16.100
159 37 66 6 8 10 Portal Truss Metal roof sheets 27.714
160 32 80 8 7 11 Portal Frame Metal roof sheets 14.175
161 15 48 6 6 10 Portal Frame Upvc + Solar Panel 11.365
162 15 48 6 6 10 Portal Frame Upvc 9.810
163 37 66 6 8 10 Portal Truss Metal roof sheets 27.714
164 18 80 8 6 10 Portal Truss Metal roof sheets 10.595
165 40 48 4 6 10 Portal Frame Upvce 33.843
166 20 72 6 7 12 Portal Truss Metal roof sheets 16.447
167 32 60 6 7 11 Portal Frame  MVetalroof sheets+ 19.415
Solar Panel
168 40 72 6 6 10 Portal Frame Upvce 22.562
169 45 48 4 6 10 Portal Frame Upvce 38.854
170 30 72 8 6 12 Portal Truss Metal roof sheets 17.277
171 26 80 8 7 12 Portal Frame Metal roof sheets 12.839
172 26 40 4 7 12 Portal Frame Metal roof sheets 25.516
173 35 66 6 7 11 Portal Frame Upvc + Solar Panel 23.447
174 425 96 8 6 10 Portal Truss Metal roof sheets 21.798
175 35 88 8 7 11 Portal Frame Metal roof sheets 15.656
176 25 72 6 6 11.5 Portal Frame Upvc + Solar Panel 17.374
177 45 72 6 6 10 Portal Truss Metal roof sheets 39.103
178 25 72 6 6 115 Portal Frame  Miefal roof sheets + 17.374
Solar Panel
179 15 64 8 6 10 Portal Frame Metal roof sheets 8.554
180 20 72 6 7 12 Portal Frame Upvce 12.631
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