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Abstract

Fabric consumption is a critical factor in industrial garment manufacturing, as fabric cost constitutes a substantial portion of
total product cost. In the study, a systematically constructed dataset of jeans markers under multiple conditions was developed,
and an Artificial Neural Network (ANN) model was proposed to predict fabric consumption based on fabric width, the number
of garment components, and the number of garments per marker. The dataset was normalized and partitioned into two subsets:
70% for model training and 30% for testing. A four-layer feedforward ANN architecture with two hidden layers comprising
10 and 5 neurons, respectively, was employed, utilizing a unipolar sigmoid activation function and trained via the
backpropagation algorithm. The evaluation results demonstrated high predictive accuracy, with a Mean Absolute Error (MAE)
of 0.01, Root Mean Square Error (RMSE) of 0.02, and a coefficient of determination (R of 0.9296 on the test dataset. The
close alignment between actual and predicted fabric consumption confirmed the model’s effectiveness. Compared with
traditional linear models such as Bayesian Model Averaging (BMA), the ANN model exhibited superior capability in capturing
nonlinear relationships among input variables. These results highlight the strong potential of ANN for practical applications

in textile and apparel production, offering a fast and reliable approach for fabric planning.
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1. Introduction

Fabric consumption is a crucial factor in the garment
manufacturing industry, directly affecting production
costs, product pricing, and overall business efficiency. In
addition to determining the required amount of raw
materials, fabric consumption is also associated with the
amount of waste generated and the sustainability of the
production process.

In recent years, various studies have addressed this
topic from multiple perspectives. Marker making plays a
significant role in minimizing fabric waste and optimizing
efficiency. It is closely related to fabric width, the number
of garment components, and the number of garments per
marker layout [1]. Digital pattern design offers substantial
opportunities for saving time, resources, and fabric
through more efficient marker planning [2].
Computer-Aided Design (CAD) systems have been
widely applied in pattern making, grading, and marker
generation [3]. Wong, W. et al. proposed a genetic
algorithm (GA)-based optimization method to satisfy
both the quantity of cut components and minimal
processing time during manual fabric cutting [4]. A
hybrid algorithm based on soft computing techniques,
including GA, Simulated Annealing (SA), and a Hybrid
Genetic  Algorithm-Simulated Annealing approach
(HGASA), was employed to optimize marker layout,
showing that HGASA could reduce marker length by up
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to 28% [5]. Hora, S. and collaborators used a
multi-objective optimization approach and found that
selecting two sizes in a single marker was optimal,
reducing fabric usage by up to 10% compared to layouts
using 1, 3, 4, or more sizes [6]. Xu, Y. et al. proposed a
mass customization-oriented production planning system
based on mathematical optimization to construct efficient
size charts and cutting plans [7]. Motahareh Kargar ef al.
developed optimization models for marker layout using
computational algorithms to minimize fabric waste and
production costs [8]. Muhammad et al. investigated
methods to reduce the consumption of stretch denim made
from cotton and cotton—polyester in garment development
by controlling fabric shrinkage through reduced
post-washing drying temperatures, without comprising
denim properties [9]. Other studies have also integrated
CAD technology with sizing standards to improve the
accuracy of pattern making and enhance marker planning
efficiency.

The relationship between marker parameters and
fabric consumption has also been demonstrated in T-shirt
production, where factors such as marker length, fabric
spread length, number of fabric layers, and fabric roll
length were found to have significant effects [10, 11].
Pham Thi Huyen et al. developed a multiple linear
regression model to estimate fabric consumption for
men's shirts based on fabric width, garment size, and
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marker efficiency using the Marker Making V6R2
software [12]. A study on the influence of T-shirt
construction on marker efficiency was conducted with the
aim of minimizing material waste [13]. The influence of
fabric width, the number of components in jeans, and the
number of jeans per marker layout were found to be
closely related to marker length, as shown by a multiple
linear regression model with a significant coefficient of
determination; however, this relationship was not
reflected in the fabric consumption values [14]. This
indicates that the relationship between fabric consumption
and marker parameters may be nonlinear.

In the current context, accurate predicting of technical
variables plays a particularly important role in industrial
production. Traditional linear regression methods are
often inadequate for capturing the complex nonlinear
relationships between input and output variables in
practice. As a result, the application of machine learning
techniques, especially Artificial Neural Networks
(ANNSs), has been gaining increasing attention from the
textile and apparel research community [15].

ANNs with their strong learning and generalization
capabilities, have proven effective in modeling nonlinear
and uncertain systems. ANNSs operate based on principles
analogous to the human brain, enabling them to identify
complex patterns in data without requiring explicit
assumptions about the mathematical form of relationships
among variables [15]. Despite some related studies,
research on predicting fabric consumption in jeans
production - a segment with a distinctive position in the
global apparel industry - remains limited. In this study, an
ANN model was developed to predict fabric consumption
for jeans in industrial garment manufacturing, based on
fabric width, the number of garment components, and the
number of products per marker layout. By constructing
and training the ANN model using a systematically built,
multi-condition dataset of marker layouts, the predictive
results, model accuracy, and practical applicability were
analyzed and evaluated. The findings provide a scientific
and practical basis for improving the efficiency of denim
fabric utilization and promoting sustainability in the
garment industry. Furthermore, this study demonstrates
the superior performance of the ANN model compared
with traditional linear approaches such as Bayesian Model
Averaging (BMA), highlighting its capability to capture
complex nonlinear relationships. Overall, the research
makes three key contributions: applying a nonlinear ANN
model for accurate fabric consumption prediction,
developing a systematic multi-condition dataset for model
training and validation, and providing a quantitative
performance comparison with linear models, offering
guidance for practical application in the textile and
apparel industry.

2. Methods
2.1. Experiments

Five jeans styles were selected for the study, based on
a basic design (Fig. 1), with styles b, ¢, d, and e modified
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from style a. The technical patterns for all styles were
developed at size 32, and grading for other sizes was
performed using Lectra-Modaris V7R2.

A total of 175 experiments were conducted under
controlled conditions. Fabric width (k») was set at five
levels: 1.50 m, 1.55 m, 1.60 m, 1.65 m, and 1.70 m. These
fabric widths are commonly used in jeans manufacturing,
readily available on the market, and can be ordered by
manufacturers according to their specific requirements
when working with fabric suppliers. The number of
garment components per jeans style (cf) ranged from 16,
18, 20, 22 to 24 pieces, corresponding to five different
design variations. Similarly, the number of products
arranged on each marker (sp) was assigned values of 3, 4,
5, 6, and 7. Marker layouts were generated for multiple
size groupings, including three sizes (30, 31, 32), four
sizes (30-33 and 31-34), five sizes (30-34), and six sizes
(29-34 and 30-35). All markers were automatically
generated using the Marker Manager VOR2 and Marker
Making V6R2 software packages to eliminate
operator-dependent variation in marker efficiency. Fabric
consumption for each jeans style was calculated using the
following formula:

dm=L/sp ey

where:

dm is the fabric consumption per unit product (m),
L is the marker length (m),

sp is the number of products on the marker.

Based on the experimental results, the dataset used in
this study was constructed with four variables: k7, ct, sp,
and dm, in which kr, ct, and sp are input (independent)
variables, while the fabric consumption for jeans (dm) is
the output (dependent) variable. All variables are
continuous and were validated for completeness and
consistency prior to analysis.

2.2. Data Normalization

To ensure that the input variables are on the same scale
and to accelerate the convergence of the artificial neural
network (ANN) model, the data were normalized to the
range [0,1] using the min-max scaling method, according
to the following formula [16]:

. X—-Xmin

)

where, x' is the normalized value, X is the original value,

Xmax—Xmin

Xmin and Xmax are the minimum and maximum values
of each variable, respectively.

2.3. Data Splitting

The dataset was divided into training and testing sets.
The training set accounted for 70% of the total samples
and was used to develop the ANN model. The remaining
30% of the data formed the testing set, which was used to
evaluate the model’s generalization capability and
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predictive performance. The splitting was performed
randomly using a fixed seed (set.seed = 123) in R
software to ensure result reproducibility.

2.4. Artificial Neural Network Model Configuration

A four-layer feedforward ANN model was
constructed using the neuralnet package in R with the
following architecture: the input layer consisted of
3 neurons (kr, ct, and sp), and the output layer included
1 neuron (dm). The first hidden layer contained
10 neurons, and the second hidden layer consisted of
5 neurons. The unipolar sigmoid function was employed
as the activation function:

fGx) = 3)

This function enables the modeling of nonlinear
relationships between input variables and intermediate
layers within the network. At the output layer, a linear
function was applied (/inear.output = TRUE), meaning no
additional nonlinear activation was used, which is
appropriate for a regression problem aiming to predict the
continuous value of the variable dm. The built-in
backpropagation algorithm in the neuralnet package was
employed to train the ANN. The training process was
terminated either when the Sum of Squared Errors (SSE)
reached a predefined minimum threshold or when the
maximum number of iterations was completed.

1
1+e™*

The choice of the sigmoid activation function for the
hidden layers allowed the model to effectively capture the
nonlinear dependencies between inputs and outputs, while
maintaining a linear output layer ensured that the network
was suitable for continuous-value regression tasks.

2.5. Model Evaluation

The accuracy of the ANN model was assessed using
the following performance indicators.

- Mean Absolute Error (MAE): Represents the average
absolute difference between the predicted and actual
values.

- Root Mean Squared Error (RMSE): Reflects the
standard deviation of the residuals, indicating the
dispersion of prediction errors.

- R? (Coefficient of Determination): Measures the
proportion of variance in the dependent variable that
can be explained by the independent variables in the
model.

The predicted values from the model, originally
generated from normalized data, were rescaled back to
their original scale before calculating these metrics to
ensure accurate evaluation of the ANN’s performance.

3. Results and Discussion

After normalizing the dataset - including the input
variables (kr, ct, and sp) and the output variable (dm) - the
data were split into two subsets: 70% for training and 30%
for testing. An ANN model was constructed with an
architecture comprising two hidden layers, in which the
first layer contained 10 neurons and the second layer
contained 5 neurons, utilizing a unipolar sigmoid
activation function and a linear output for continuous
prediction.

The training results indicated that the forward and
backward propagation processes converged after
625 learning cycles, achieving a total error SSE of 0.22.
The final ANN structure is illustrated in Fig. 1, where the
connections among neurons in the input, hidden, and
output layers are clearly visualized.

R

(d)

(b)

[

Fig. 1. Five styles of jeans selected for the experiment
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Fig. 2. Diagram of the ANN model for predicting fabric consumption for jeans
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Fig. 3. Predicted and actual fabric consumptions for jeans on the test set

The prediction results on the training set, after
converting the predicted and actual values back to the
original scale, the error metrics of the ANN model
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obtained are as follows: MAE = 0.01; RMSE = 0.02,
R? = 0.9259. The predicted results on the test set are
presented in Table 1.
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Fig. 3 presents the scatter plot between actual values
(dm_actual) and predicted values (dm_predicted) on the
test set, showing a linear relationship with a coefficient
of determination R? equal 0.9296. The data points are
concentrated around the 45° diagonal line, indicating a
high level of agreement between the forecasted and
actual values. Evaluation on the test set yielded error
metrics of MAE equal 0.01, RMSE equal 0.02, and
R?equal 0.9296. These values demonstrate that the ANN
model established has strong predicting capability on the
test set, with very small errors. This indicates that
92.96% of the variation in the fabric standard for jeans
(dm) can be explained by the ANN model based on the
three input variables k7, ct, and sp.

The comparison between the training and test sets
shows equivalent errors, indicating that the model does
not suffer from overfitting and has good generalization
capability. Moreover, the high R? values on both datasets
demonstrate that the ANN has successfully learned the
underlying relationship between the input and output
variables, effectively modeling the nonlinear
relationships. Importantly, the nonlinear ANN model
achieves very high accuracy on the systematically
constructed, multi-condition dataset, highlighting its
effectiveness in handling diverse marker layouts and
complex variations in fabric consumption. The ANN
model proves to be superior to conventional linear
models in capturing complex relationships, thanks to its
ability to represent the natural nonlinearity in the data.

Table 1. Predicted and actual results for fabric consumption for jeans on the test set

Marker Actual fabric Predicted Error Marker Actual fabric Predicted Error
consumption fabric (m) consumption fabric (m)
(m) consumption (m) consumption
(m) (m)
1 1.09 1.09 0.00 28 1.10 1.10 0.00
2 1.10 1.09 0.01 29 1.05 1.04 0.01
3 1.06 1.09 0.03 30 1.03 1.01 0.02
4 1.19 1.19 0.00 31 1.04 1.01 0.03
5 1.16 1.19 0.03 32 1.11 1.13 0.02
6 1.21 1.12 0.09 33 0.98 0.99 0.01
7 1.12 1.12 0.00 34 1.01 0.99 0.02
8 1.10 1.12 0.02 35 0.98 0.99 0.01
9 1.07 1.08 0.01 36 1.08 1.07 0.01
10 1.22 1.20 0.02 37 1.03 1.01 0.02
11 1.22 1.20 0.02 38 1.00 1.01 0.01
12 1.13 1.15 0.02 39 1.01 1.01 0.00
13 1.15 1.14 0.01 40 1.01 1.01 0.00
14 1.10 1.14 0.04 41 0.99 0.98 0.01
15 1.13 1.14 0.01 42 0.97 0.98 0.01
16 1.07 1.08 0.01 43 0.98 0.98 0.00
17 1.06 1.05 0.01 44 0.99 0.98 0.01
18 1.07 1.05 0.02 45 0.99 0.98 0.01
19 1.03 1.05 0.02 46 1.08 1.09 0.01
20 1.06 1.05 0.01 47 0.96 0.97 0.01
21 1.18 1.16 0.02 48 0.98 0.96 0.02
22 1.15 1.16 0.01 49 1.06 1.03 0.03
23 1.19 1.16 0.03 50 1.03 1.03 0.00
24 1.16 1.16 0.00 51 0.97 0.99 0.02
25 1.02 1.03 0.01 52 0.97 0.95 0.02
26 1.11 1.11 0.00 53 0.93 0.95 0.02
27 1.12 1.10 0.02
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Fig. 4. Correlation between actual and predicted values of fabric consumption for jeans

An optimal linear regression model was also
established using the BMA technique to predict the
fabric consumption for jeans based on fabric width,
number of garment components, and number of products
in the marker using this experimental dataset [14].
Although BMA reduces the risk of model selection
errors by averaging over highly probable models, its
forecasting performance only reached MAE equal
0.4627, RMSE equal 0.4685, and R? equal 0.6020 [14].
These results show that the optimal linear model
determined by BMA is significantly less accurate than
the established ANN model. Specifically, the MAE and
RMSE of the optimal multivariate linear model are
approximately 46.27 and 23.42 times higher,
respectively, and the R? is about 32.76% lower than that
of the ANN model. This indicates a clearly nonlinear
relationship between the variables kr, ct, sp, and dm.
Therefore, the ANN model, with its ability to learn
nonlinear patterns, demonstrates clear superiority over
the optimal multivariate linear model determined by
BMA. This performance comparison highlights one of
the key contributions of this study: it quantitatively
demonstrates the effectiveness of the nonlinear ANN
model on the systematically constructed,
multi-condition dataset and confirms its clear advantage
over traditional linear approaches like BMA in
predicting fabric consumption. This comparison
underscores that in cases where data exhibits nonlinear
structures or complex variable relationships, artificial
neural networks are a more effective forecasting tool
than traditional linear regression methods, even when
advanced model selection techniques like BMA are
applied.

Although the ANN model achieved high accuracy,
the relatively small number of training samples may
affect its generalization ability when applied to entirely
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new data. Moreover, the ANN model lacks
interpretability, making it difficult to clearly explain the
specific impact of each input variable on the output
variable. In future studies, it would be beneficial to
experiment with a larger sample size, apply techniques
such as Shapley Additive Explanations values or
permutation importance to assess the significance of
each input variable, or compare the performance of the
ANN with other machine learning models such as
Random Forest, Gradient Boosting, or Support Vector
Machine to obtain a more comprehensive evaluation.

4. Conclusion

In this study, an ANN model was developed to
predict fabric consumption for jeans based on fabric
width, the number of garment components, and the
number of products in the marker. The results show that
the ANN model achieved high accuracy, with a MAE of
0.01, RMSE of 0.02, and a coefficient of determination
R?0f0.9296 on the test set. These low error metrics and
the high R? value confirm that the model effectively
learns the nonlinear relationships among variables and
generalizes well across varying marker conditions.

The predicted values closely match the actual fabric
consumption on the test set, demonstrating the model’s
accuracy and reliability. When compared with the
multivariate linear regression model determined using
BMA, the ANN clearly outperforms the linear approach.
This finding underscores a key scientific implication:
linear models are insufficient to capture the nonlinear
interactions among marker parameters and fabric
consumption, whereas ANNs are inherently suited to
modeling datasets with complex and nonlinear variable
interactions, as demonstrated in the multi-condition
dataset developed in this study.



Journal of Science and Technology — Engineering and Technology for Sustainable Development
Volume 36, Issue 2, April 2026, 104-110

From a practical perspective, the ability to accurately
predict fabric consumption has significant implications
for industrial garment production. Reliable predictions
support more efficient production planning, cost
estimation, material budgeting, and reduction of fabric
waste, thereby improving operational efficiency. The
ANN-based approach thus enables manufacturers to
make faster and more precise decisions, especially in
contexts requiring rapid evaluation of multiple marker
layout scenarios.

However, the relatively small dataset remains a
limitation. Expanding the dataset and incorporating
interpretability techniques such as SHAP or Local
Interpretable Model-Agnostic Explanations may further
enhance the practical applicability of ANN models in
fabric consumption prediction. Future studies could also
explore hybrid modeling frameworks or integrate
production constraints to increase the robustness of
predictive tools for industrial implementation.
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