
Vol.:(0123456789)

Fibers and Polymers 
https://doi.org/10.1007/s12221-025-01285-5

REGULAR ARTICLE

Support Vector Regression Prediction of Dye Saturation in Recycled 
PET/PCT Microfibers for Deep Black Shade

Hyeokjun Cho1 · Jae Wang Ko2 · Seung Geol Lee1,3 

Received: 2 September 2025 / Revised: 17 November 2025 / Accepted: 5 December 2025 
© The Author(s) 2025

Abstract
The textile dyeing industry faces increasing pressure to reduce chemical usage and improve resource efficiency. This study 
applies Support Vector Regression (SVR) to predict the dye saturation region of recycled PET/PCT fabrics dyed with a 
single disperse black dye. The objective is to identify the optimal dye concentration range using a machine learning–based 
approach. K/S values obtained from fabrics dyed at various concentrations were used to train and evaluate SVR models. 
Model performance was assessed using standard regression metrics such as coefficient of determination (R2), mean absolute 
error (MAE), and mean squared error (MSE). The SVR model demonstrated high predictive accuracy and effectively captured 
gradient transitions near the saturation region. From the predicted K/S curves, the point at which further dye addition yields 
no significant increase in color strength was quantitatively determined. Despite the limited number of training samples, the 
model successfully learned the nonlinear characteristics of the dyeing response and showed greater robustness to outliers 
than conventional regression methods. These findings support the potential of SVR as a reliable tool for predicting dye 
saturation points and optimizing dye use in deep black shade development, contributing to reduced experimental workload 
and improved resource efficiency.
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1  Introduction

Conventional textile dyeing requires substantial amounts of 
both resources and water, which results in the generation of 
large volumes of polluted wastewater [1–7]. This effluent 
often contains toxic substances such as heavy metals (for 
example, chromium and lead) and azo compounds that are 
difficult to eliminate [8–13]. Advanced treatment processes 
are required to remove these pollutants, but such methods 
demand additional energy and chemicals, significantly 
increasing treatment costs [14, 15]. Additionally, the high 

dyeing temperatures and multiple washing cycles contribute 
to substantial energy consumption and carbon emissions. 
Therefore, textile dyeing is recognized as a major contribu-
tor to environmental pollution and greenhouse gas emis-
sions, which highlights the urgent need for more sustainable 
practices.

To address these challenges, researchers are exploring 
material–based solutions in addition to improvements in 
wastewater treatment technologies [16–22]. One promising 
approach involves using recycled polyester (rPET) blended 
with polycyclohexylenedimethylene terephthalate (PCT), 
a high–performance copolyester that has a lower carbon 
footprint. This study specifically employs an environmen-
tally friendly microfiber suede fabric made from a blend 
of rPET and PCT fibers, which combines recycled content 
with excellent dyeability. The rPET component promotes 
resource circularity by reusing plastic waste, and PCT con-
tributes superior heat resistance and dimensional stability 
that improve color stability and dye affinity during dyeing 
[23, 24]. Moreover, the fabric’s fine microfiber structure 
increases the surface area available for dye diffusion, which 
enables deep and uniform black coloration [25, 26]. These 
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characteristics enhance dye uptake efficiency and can reduce 
the energy required compared to conventional polyester dye-
ing. Consequently, the rPET/PCT fabric offers a promising 
foundation for dyeing processes that aim to achieve both 
high performance and environmental sustainability.

This study aims to quantitatively analyze the saturation 
behavior observed in the dyeing process using disperse dyes 
on the aforementioned fabric. As the dye concentration 
increases during dyeing, the apparent color strength (K/S) 
initially rises sharply, but beyond a certain point, the rate 
of increase slows as the fiber approaches its maximum dye 
absorption capacity [27, 28]. The point at which no further 
meaningful increase in color strength is observed is referred 
to as the dye saturation point. Accurately identifying this 
point is essential for minimizing unnecessary dye consump-
tion and reducing wastewater discharge.

When dye is added beyond the saturation point, the excess 
dye that is not absorbed by the fiber tends to remain in the 
solution and is likely to be discharged as wastewater. This 
not only results in resource waste but also contributes to 
environmental pollution [29–32]. On the other hand, insuf-
ficient dye concentration can lead to challenges in reach-
ing the target color intensity and may result in poor color 
uniformity across the fabric. Therefore, accurately predict-
ing the optimal dye concentration based on the type and 
structure of the fiber is essential for ensuring both quality 
consistency and cost–effectiveness in the dyeing process. 
However, conventional approaches to optimizing dyeing 
conditions rely on repetitive and time–consuming experi-
ments involving manual adjustments of process parameters, 
which require substantial cost and resources [33–36].

Consequently, machine learning–based prediction tech-
niques have gained increasing attention as practical tools 
for optimizing textile dyeing processes [37–42]. Machine 
learning algorithms can learn complex nonlinear relation-
ships from experimental data. This capability enables rapid 
prediction of dyeing outcomes under new conditions. In 
this study, we adopted Support Vector Regression (SVR) 
to quantitatively model the nonlinear relationship between 
dye concentration and K/S. SVR was chosen for its ability to 

achieve high accuracy with limited data by mapping inputs 
into a higher–dimensional feature space via kernel functions 
[43–46]. It has also demonstrated robust generalization with 
minimal overfitting, even for resource–intensive processes 
like textile dyeing [47, 48]. We evaluated the SVR model’s 
performance in capturing the saturation curve and compared 
it with several other regression algorithms to validate its 
reliability.

By predicting the dye saturation point using SVR, we 
aim to enhance color performance while reducing the use 
of resources. This data–driven approach decreases depend-
ence on traditional trial–and–error methods, which in turn 
can significantly lower dye, water, and energy consumption 
[49, 50]. Furthermore, the SVR model can be adapted to 
specific fiber blends, such as the rPET/PCT combination, 
by incorporating fiber–specific characteristics into the train-
ing dataset. This customization enables a shift from empiri-
cal process optimization to a more systematic and efficient 
data–driven methodology. As a result, this strategy has the 
potential to deliver meaningful reductions in resource use, 
production costs, and environmental impact, all of which are 
critical objectives in sustainable textile dyeing. The frame-
work proposed in this study is also expected to be appli-
cable to other composite fiber systems, thereby supporting 
the broader implementation of environmentally responsible 
dyeing practices throughout the textile industry.

2 � Experimental

2.1 � Materials

In this study, a black dope–dyed microfiber suede fabric 
provided by Huvis Co., Ltd. was used as the dyeing speci-
men. The fabric is a composite material composed of 50% 
recycled PET fibers and 50% PCT fibers, impregnated with 
approximately 30% polyurethane (PU) resin. The main 
characteristics of the fabric used for dyeing are summarized 
in Fig. 1. Recycled PET is a fiber regenerated from waste 
PET materials through mechanical or chemical recycling 

Fig. 1   Characterization of the 
rPET/PCT microfiber suede 
fabric
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processes. PCT is a copolyester synthesized via esterifica-
tion polymerization of terephthalic acid (TPA) or dimethyl 
terephthalate (DMT) with the precursor 1,4–cyclohexaned-
imethanol (CHDM). The dyeing process employed Syno-
lon Black AK–NB, an anthraquinone–based disperse dye 
(KISCO Co., Ltd., Korea), and acetic acid (CH₃COOH, 
SAMIL Co., Ltd., Korea) was added to adjust the pH. For 
dye dispersion, Sunsolt RM–340S (NICCA KOREA Co., 
Ltd., Japan) was used as the dispersing agent. In the subse-
quent reduction cleaning step, a reducing solution was pre-
pared using a combination of Sera Con M–FAS (DyStar, 
Singapore) and sodium hydroxide (NaOH, SAMIL Co., Ltd., 
Korea).

2.2 � Dyeing and Reduction Cleaning

Dyeing was carried out under high–temperature and 
high–pressure conditions using an infrared dyeing machine 
(DL–6000, Daelim Starlet Co., Korea). The liquor ratio was 
set to 1:20 with a fabric weight of 5 g, and the dye concentra-
tion was varied from 0.1 to 4.5% on the weight of fabric (owf) 
in increments of 0.1%. The pH of the dye bath was adjusted 
to 4.8 by adding CH₃COOH, and 0.7 mL of dispersing agent 
was added to ensure stable dispersion of the dye. Dyeing was 
performed by combining temperature conditions ranging from 
100 °C to 130 °C with dyeing times between 10 and 60 min. 
Among these conditions, 110 °C for 40 min yielded the best 
dyeing performance and was therefore selected as the optimal 

dyeing condition. The changes in the L* value, which repre-
sents the brightness of the fabric, and the K/S value under dif-
ferent dyeing conditions are illustrated in Fig. 2(a). Figure 2(b) 
schematically presents the final optimized dyeing conditions 
and the subsequent reduction cleaning process. After dyeing, 
reduction cleaning was carried out to remove unfixed residual 
dye from the fabric surface. A reducing solution was prepared 
using 6 g/L of reducing agent and 6 mL/L of NaOH at a liquor 
ratio of 1:20, and the fabric was treated at 80 °C for 20 min. 
After the reduction cleaning, the fabric was rinsed with warm 
water and then dried to obtain the final dyed specimen.

2.3 � Color Measurement

To evaluate the dyeing properties of the dyed fabric, surface 
reflectance was measured using a spectrophotometer (SCINCO 
Co., Ltd., Korea) under standard conditions of 10° observer 
angle and D65 light source. Measurements were taken in the 
visible wavelength range of 360 to 740 nm at 20 nm intervals. 
Based on these data, the L* value and the surface reflectance 
at the maximum absorption wavelength were obtained. The 
K/S value was calculated using Eq. (1):

where K is the absorption coefficient, S is the scattering 
coefficient, and R represents the reflectance. To minimize 

(1)K∕S =
(1 − R)2

2R

Fig. 2   a L* and K/S values 
measured under various dyeing 
temperatures (100–130 °C) 
and times (10–60 min), b 
dyeing and reduction cleaning 
processes applying the optimal 
dyeing temperature (110 °C) 
and time (40 min)
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measurement error, each fabric sample was measured four 
times, and the average value was used for analysis.

2.4 � Dataset and Modeling Setup

In this study, a total of 45 color data points were obtained by 
dyeing fabric samples with dye concentrations ranging from 
0.1–4.5% owf in 0.1% increments. The dye concentration 
used for each sample was set as the input variable, and the 
corresponding K/S value was used as the output variable. 
All data were quantitatively obtained through experimental 
measurements. The dataset was designed to enable precise 
learning of the color strength curve across the full dye con-
centration range (0.1–4.5% owf) and to accurately capture 
the dye saturation region. While conventional regression 
analysis typically involves dividing the data into training 
and validation sets to assess the generalization performance 
of the model, the primary objective of this study was not 
merely to achieve numerical prediction accuracy but to 
quantitatively identify the gradient changes in the curve 
and the location of the saturation region. In particular, the 
saturation point corresponds to only a specific section within 
the overall concentration range. If data from this region are 
excluded for validation, the model may fail to learn the criti-
cal area it is intended to predict. Moreover, given the limited 
number of available data points, setting aside a portion for 
validation may reduce the sensitivity and reliability of the 
saturation point prediction. Therefore, the entire dataset was 
used for model training to ensure the model learned the full 
curve from the initial increase and peak point to the gradual 
changes in the saturation region. Instead of a conventional 
train–test split, the model’s extrapolation accuracy was 
verified by comparing its predictions with additional dye-
ing experiments conducted beyond the training concentra-
tion range. The entire data processing and predictive model 
development were carried out using Python version 3.10.0. 
Scikit–learn version 1.6.1 was employed for model training, 
and data input, output, and computations were performed 
using packages including Pandas and NumPy.

3 � Results and Discussion

3.1 � Model Comparison

Various regression models were compared to predict the 
K/S values according to dye concentration. The perfor-
mance of each model was evaluated based on mean abso-
lute error (MAE), mean squared error (MSE), and coef-
ficient of determination (R2). MAE represents the average 
of the absolute differences between predicted and actual 
values. Since its unit is the same as that of the output vari-
able, it allows for intuitive interpretation and provides a 

quantitative measure of the overall prediction error. On the 
other hand, MSE is calculated by averaging the squared 
errors, making it more sensitive to large deviations. This 
characteristic makes MSE a useful metric for evaluating 
a model's sensitivity to outliers and comparing its robust-
ness [51, 52]. The formulas for MAE and MSE are pre-
sented in Eqs. (2) and (3), respectively.

where, yi denotes the experimentally observed value, and ŷi 
represents the value predicted by the model. The R2 value 
indicates the proportion of the total variance in the data that 
is explained by the model, and it quantitatively evaluates 
the correlation between the predicted and actual values. The 
R2 value ranges from 0 to 1, with values closer to 1 indicat-
ing that the model explains the actual data more effectively. 
Mathematically, it is defined as the ratio of the explained 
sum of squares (ESS) to the total sum of squares (TSS), and 
is commonly expressed as one minus the ratio of the residual 
sum of squares (RSS) to the total sum of squares. However, 
R2 alone indicates only how well the model fits the training 
data; a high R2 does not guarantee strong predictive ability 
[53, 54]. In the case of high–dimensional problems or mod-
els prone to overfitting, a high R2 value may suggest inflated 
model performance. Thus, it was interpreted alongside error 
indicators such as MAE and MSE. The definition of R2 is 
given in Eq. (4).

where, y denotes the mean of the experimentally observed 
values. To identify the model with the best performance, a 
total of 8 models were evaluated: Decision Tree (DT), SVR, 
Artificial Neural Network (ANN), Ridge Regression, Linear 
Regression, Support Vector Machine (SVM), Polynomial 
Regression, and Random Forest (RF). Figure 3 presents the 
predicted K/S values obtained from each regression model 
for dye concentrations ranging from 0.1–4.5% owf, along 
with the actual K/S values and the corresponding R2, MAE, 
and MSE values for each model.

The evaluation results in Fig. 3(j) and 3(k) show that 
the SVR model achieved the lowest error and the highest 
R2 among all models, with an MAE of 0.2959, MSE of 
0.1579, and R2 of 0.9588. In addition, the residual analy-
sis in Fig. S1 confirmed the reliability of the SVR model, 
which showed the smallest standard deviation of residuals 
(0.3938), further supporting its stable fitting performance 

(2)MAE =
1

n

∑n

i=1
|
|yi − ŷi

|
|

(3)MSE =
1

n

∑n

i=1

(
yi − ŷi

)2

(4)R2 =
ESS

TSS
= 1 −

RSS

TSS
= 1 −

∑n
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(yi − ŷi)

2
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i=1
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across the 0.1–4.5% owf range. These results indicate that 
SVR effectively captures complex nonlinear relationships 
and maintains stable predictive performance even under 
conditions with limited experimental data [55, 56]. As 
shown in Fig. 3(c), the SVR model successfully repro-
duced the overall shape of the K/S curve, including the 
gradual increase with dye concentration, the curvature 
changes near the saturation point, and the stabilized region 
beyond saturation. This ability is important in applications 
where accurately capturing subtle changes around the dye 
saturation point is essential.

In contrast, the ANN model showed poor performance 
across all metrics, with an MAE of 1.3663, MSE of 2.2718, 
and R2 of 0.4071. This suggests that the ANN may have 
suffered from overfitting or underfitting due to the relatively 
small dataset and unnormalized training conditions. Simi-
larly, Polynomial Regression produced highly unstable pre-
dictions, with an MAE of 6.7021, MSE of 92.3633, and R2 
of − 23.1041, indicating that overfitting likely occurred as a 
result of an excessively high polynomial degree. Although 
the DT, Ridge, and Linear models showed slightly lower per-
formance compared to SVR, their overall prediction curves 
followed the experimental data reasonably well. However, 
as shown in the prediction curves in Fig. 3(b), 3(e), and 
3(f), these models demonstrated low sensitivity to changes in 
curve slope, which limited their ability to accurately capture 

the saturation region. While the RF model produced stable 
predictions, it failed to capture subtle variations in the curve. 
Compared to SVR, it showed greater oscillation and irregu-
larity in the predicted values.

As shown by the results, SVR is the most appropriate 
model for this study, since the goal is not only to ensure 
regression accuracy but to precisely identify the dye satu-
ration region and determine concentration conditions for 
achieving deep color expression. Moreover, the results indi-
cate that SVR provides stable generalization performance 
without requiring extensive parameter tuning, even when 
the available data are limited, supporting its potential as 
a data–driven alternative to traditional experiment–based 
approaches.

3.2 � Model Configuration

In this study, SVR was employed to predict the K/S val-
ues as a function of dye concentration. SVR is capable of 
effectively learning the relationship between input and out-
put variables even when the relationship is nonlinear, by 
using kernel functions [57, 58]. The main idea of SVR is 
to map input data into a high–dimensional feature space, 
where linear regression is performed. Rather than explicitly 
transforming the data, SVR utilizes the kernel trick, which 
indirectly reflects the high–dimensional representation by 

Fig. 3   Predicted K/S curves for dye concentrations 0.1–4.5% owf using various models a actual data, b DT, c SVR, d ANN, e Ridge regression, 
f Linear regression, g SVM, h Polynomial regression, i RF, and each model performance metrics j R2, and k MAE and MSE
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computing inner products through a kernel function [59]. 
The operation of the kernel function is illustrated in Fig. 4.

In this study, five types of kernel functions were applied, 
including Linear, Polynomial, RBF (Radial Basis Func-
tion), Sigmoid, and Laplacian, to compare their effects on 
the prediction of K/S values. The corresponding prediction 
results and the R2, MAE, and MSE values for each kernel 
are presented in Fig. 5.

To compare the performance of different kernel types, 
K/S values were predicted based on dye concentration. 
As shown in Fig. 5(d) and 5(g), the RBF kernel achieved 
the best performance, with an MAE of 0.2959, MSE of 
0.1579, and R2 of 0.9588. It accurately reproduced the 
gradual increase in the curve and the curvature near the 
saturation point. Consequently, the SVR model was built 
using the RBF kernel, which demonstrated the highest 
predictive performance and reliable curve fitting. The 
RBF kernel is widely used in nonlinear regression tasks 
and operates by capturing local relationships based on 
the Euclidean distance between samples [60, 61]. This 
approach enables effective reproduction of the complex 
shape of the K/S curve observed in experiments, including 

changes in slope, curvature near the saturation point, and 
the gradual transition beyond saturation.

In addition, the SVR model developed in this study was 
optimized through iterative experiments combined with 
k-fold cross-validation. Specifically, a fivefold cross-vali-
dation scheme was applied solely for hyperparameter tun-
ing within the 0.1–4.5% owf dataset. For each candidate 
set of parameters C, γ, and ε, the average MAE across 
the folds was calculated and used to identify the optimal 
combination. After determining the final hyperparam-
eters, C = 3.5, γ = 0.03, and ε = 0.1, the SVR model was 
retrained on the entire dataset. The performance metrics 
reported in Fig. 3(j) and 3(k) therefore represent fits to the 
training data for the final models trained on all available 
samples. Here, C controls the penalty strength for errors, 
γ determines the influence range of the radial basis func-
tion (RBF) kernel, and ε defines the tolerance margin for 
prediction. This combination was found to be the most 
effective in capturing the gradual slope transitions and the 
curvature near the saturation point while preventing over-
fitting (Table S1).

Fig. 4   Schematic illustration of 
the operational mechanism of 
the kernel function

Fig. 5   SVR model prediction results of K/S values for dye concentration 0.1–4.5% owf using different kernel functions a actual data, b Linear, c 
Polynomial, d RBF, e Sigmoid, f Laplacian, and Kernel function performance metrics g R2, MAE, and MSE
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3.3 � Prediction of Dye Saturation Point

The SVR–based prediction model was trained on dye con-
centration data ranging from 0.1–4.5% owf, and extrapo-
lation was then performed for the 4.6–6.0% owf range, 
which was not included in the training data, in order to 
estimate the dye saturation region. The prediction results 
for the extrapolated range (4.6–6.0% owf) obtained using 
SVR are shown in Fig. 6.

In general, machine learning regression models tend to 
show reduced predictive stability when applied to inputs 
outside the training range. However, the SVR model devel-
oped in this study extended the shape of the K/S curve in 
a continuous and smooth manner, generating stable out-
put values even in the extrapolated region. The predicted 
curve showed a characteristic pattern in which the K/S 
value increased rapidly at lower dye concentrations, fol-
lowed by a gradual reduction in slope as the concentration 
increased, eventually approaching a saturation state. This 
type of curvature change closely resembles the dye satura-
tion phenomenon observed in actual dyeing processes. It is 
also consistent with theoretical models, which suggest that 
once the dye becomes saturated on the fiber surface and 
within the fiber structure, further increases in dye concen-
tration have little effect on color strength. The saturation 
region, where the increase in K/S value becomes gradual, 
is generally determined by factors such as the reaction 
rate between the dye and the fiber, diffusion resistance 
within the fiber, and competitive adsorption among dye 
molecules. The proposed model approximates this com-
plex combination of physical and chemical behaviors in a 
numerically interpretable form.

According to the model's prediction, the K/S value 
approached its maximum at approximately 4.9% owf, and 
beyond this point, the ΔK/S values significantly decreased. 
Compared to typical MLP–based models or ensemble 
methods, this result indicates that the SVR model is less 
sensitive to noise in the training data and has a relatively 
lower risk of overfitting. It also suggests that SVR is 

capable of reliably capturing the nonlinear behavior asso-
ciated with dye saturation, even beyond the trained con-
centration range.

3.4 � Model Performance Validation

As described in the previous section, the SVR–based pre-
diction model was trained on dye concentration data in the 
range of 0.1–4.5% owf, and extrapolation was performed 
for the higher concentration range of 4.6–6.0% owf, which 
was not included in the training data, in order to predict the 
dye saturation point. According to the model's prediction, 
the K/S value approached its maximum near 4.9% owf, and 
beyond this point, the slope of color strength with increas-
ing dye concentration decreased sharply, forming a char-
acteristic saturation curve. To experimentally validate the 
accuracy of this prediction, fabric samples were dyed at dye 
concentrations of 5.0, 5.5, and 6.0% owf, which correspond 
to the extrapolated range predicted by the model, and their 
K/S values were measured. Figure 7 shows the dye solutions 
used for dyeing at concentrations of 5.0, 5.5, and 6.0% owf, 
the residual dye baths after dyeing, and the residual baths 
after reduction cleaning. Figure 7 also includes the K/S val-
ues and surface images of the corresponding dyed fabrics.

As shown in Fig. 7(a), the measured K/S values were 19.36, 
19.30, and 19.30 for the 5.0, 5.5, and 6.0% owf dye concen-
trations, respectively, with a minimal difference of less than 
0.06 among the three values. This quantitatively aligns with 
the model prediction that the change in color strength (ΔK/S) 
decreases sharply beyond 5% owf, indicating that the SVR 
model accurately reflects the nonlinear dyeing behavior in the 
saturation region. In addition, the K/S spectra as a function 
of wavelength, presented in Fig. 7(b), showed similar spec-
tral shapes and peak intensities across the three samples. This 
indicates that increasing the dye concentration beyond this 
point does not lead to further dye uptake. This suggests that 
the fabric has reached a dye saturation state, meaning that there 
is little remaining capacity for dye absorption within the fiber. 
Figure 7(c), 7(d), and 7(e) show images of the dye solution 

Fig. 6   Predicted K/S values 
using the SVR model in the 
extended concentration range of 
4.6–6.0% owf
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before dyeing, the residual bath after dyeing, and the resid-
ual bath after reduction cleaning. In the high–concentration 
samples, the dye bath after dyeing still retained visible color, 
indicating that the fabric absorbed no further dye at those con-
centrations. Notably, in samples dyed at 5.0, 5.5, and 6.0% 
owf concentration, the darker color of the residual bath after 
reduction cleaning indicates that the fiber had reached satura-
tion and some dye remained unabsorbed. This excess dye did 
not contribute to any further increase in color strength. This 
suggests that excessive dye usage does not contribute to further 
improvement in color strength.

As a result, the SVR–based model developed in this study 
accurately predicted the saturation trend of the K/S curve even 
in the extrapolated concentration range. This demonstrates 
the potential of machine learning models to be utilized in 
determining optimal dyeing concentrations and establishing 
resource–efficient strategies in dyeing processes. In addition, 
by quantitatively predicting the maximum dye uptake concen-
tration, the proposed model enables the determination of an 
optimal dye concentration that ensures deep shade develop-
ment without excessive dye use. This contributes to maximiz-
ing dye efficiency while minimizing resource consumption in 
the dyeing process.

4 � Conclusion

Eight different regression models were compared, and 
among them the SVR model with an RBF kernel achieved 
the highest prediction accuracy (R2 ≈ 0.96). In particu-
lar, the SVR model effectively approximated the nonlin-
ear saturation curve between dye concentration and K/S 
value in a smooth and continuous manner and quantita-
tively identified that saturation of color strength occurs 
at around 4.9% owf concentration. This is significant in 
that the optimal dye concentration was determined through 
data–driven modeling rather than relying on subjective 
evaluation or repeated experiments. These findings suggest 
that high predictive accuracy can be achieved even with a 
limited dataset when an appropriate algorithm is used. In 
comparison, more complex models were prone to overfit-
ting and showed reduced performance.

To validate the model’s extrapolation, fabric samples 
were dyed at 5.0, 5.5, and 6.0% owf. The measured K/S 
values closely matched the model’s predicted curve, 
confirming that the SVR model accurately captured the 
dyeing behavior beyond the training range. Furthermore, 

Fig. 7   a surface images of dyed fabrics at concentration of 5.0, 5.5, 
and 6.0% owf, b K/S spectra of fabrics dyed at concentration of 5.0, 
5.5, and 6.0% owf, c 1% diluted solutions of dye baths prepared for 

fabric dyeing, d 10% diluted solutions of residual bath after dyeing, e 
10% diluted solutions of residual bath after reduction cleaning
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spectral analysis and visual inspection of the dye baths 
indicated that the fiber had indeed reached saturation, 
consistent with the model’s prediction. This demonstrates 
that the model can serve as a practical tool for identifying 
the actual saturation concentration and determining the 
optimal dye dosage to achieve deep black shade without 
excessive dye usage.

Such a machine learning–based approach offers various 
practical applications for dyeing processes. By using the 
predictive model to establish a threshold for dye concentra-
tion, excessive dye consumption can be prevented, which 
in turn enables a substantial reduction in annual dye usage 
and wastewater generation. In addition, by modeling the 
optimal temperature, time, and additive conditions required 
to achieve the same color strength, it is possible to design 
energy–efficient and cost–effective dyeing processes. Lev-
eraging existing data also enables rapid simulation and 
scale–up for new conditions, thereby reducing experimental 
time and cost. This data–based approach can contribute to 
the automation and optimization of dyeing processes, serv-
ing as a foundation for implementing smart manufacturing 
systems and developing eco–friendly dyeing technologies, 
thereby enhancing the sustainability of the textile industry.
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