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Artificial Intelligence (Al) and Machine Learning (ML) adoption in textile pro-
duction demonstrates a tactical evolution in resolving longstanding infrastructural
inadequacies, quality improvements, and resource overuse issues previously seen in
textile. The article presents an integrative Al powered operational model that serves
the purpose of enhancing manufacturing line productivity, predictive maintenance,
resource allocation, and quality control in textile production lines. The study col-
lected data from real-time sensor networks embedded on industrial machinery, such
as ring spinning frames and air jet looms, and used state-of-the-art feature engi-
neering and model training pipelines. Predictive models were used to either forecast
the factory output or to predict machine failure, while convolutional neural net-
works improved fabric inspection accuracy using computer vision. Operational
scheduling and energy optimization were managed by reinforcement learning
agents. Results included increases in average daily output, reductions in unplanned
downtime, improvements in defect detection accuracy, and reductions in electricity,
water, and material waste. The performance measures were supplemented by further
improvements in operator productivity and system-level performance metrics, such
as metrics of cost per unit and customer satisfaction. The article presents a method-
ology to monitor both the old production system and the new intelligent production
system to facilitate the process of transition from manual to intelligent systems with-
out substantially disrupting the existing workforce structure.

Bueopenue mexnonozuii uckyccmeennozo unmennexkma (MH) u mawunnozo
ooyuenua (MO) 6 mekcmuibHoe HPOU3BOOCHEO HANDPAGIEHO HA YCHMPAHEHUE CY-
W ecCmeyrouux UHGPacmpyKmypHsIxX npooiem, nogvliieHue Kauecmea npooyKyuu
U CHudceHue uzdplmouno20 nompednenus pecypcos. B cmamve npedocmaenen
ONbIM UCHOIb308AHUA 8 MEKCHUTbHOU RPOMBIUIEHHOCHU npozpamm Ha baze HH,
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NPeOHAa3HAYeHHBIX 0J1A YIYYUIeHUS NPOU3EOOUMETbHOCIU 000PY008aAHU, NIAAHU-
POGaHUA 2PAPUKOE €20 00CIYHCUBAHUA, ORMUMUIAUUU PACNRPEOESICHUS PECYPCO8 U
VIYyYUEeHUA KOHMPOA Kauecmea npooyKyuu.

Hccneoosanue 6a3uposanoce Ha 0AGHHBIX, NOJTYUEHHBIX C O0AMYUUKOB8, 6CHIPOECH-
HbIX 8 KOJIbUenpAOuIbHble MAWUHBL U NHEGMAMUYECKUe mKaykue cmanku. /lna
00padomKu OAHHBIX NPUMEHATIUCH COBPEMEHHBIE MEMOObl 8blOETCHUA NPUIHAKOS
u obyuarwuue xoueeiiepul. llpeouxmuenvie moodenu Ucnoab308a1IUCh 011 NPOZHO-
3UPOBAHUA NPOU3BOOUMEILHOCIU U 8bIABICHUA HOMEHYUATbHBIX OMKA306 000DY-
006anus, a ceépmounvle HEUPOHHbIE CemU - 011 KOHMPOAA Kauecmea mKamei ¢
UCNOIb306AHUEM MEMO008 KOMNBLIOMEPHO20 3PEHUA. Ynpaeienue npou3eoo-
CMBEHHbLIM WUKIIOM U ORMUMUZAUUA IHEPZONOMPEDIeHUA Peanu306bléaniucy no-
CPeOCmeom azeHmoe ¢ NOOKPenieHUueM.

B pesynvmame enedpenuna npozpamm na 6aze HU oocmuznymo yeenuuenue
CPEOHeCYMOUYHO020 00bEMA NPOU3BO0CHEA, CHUNCCHUE 6HENIAHOBBIX NPOCMOEE8, NO-
6bluieHUe MOYHOCHU 6bIABICHUA 0eheKmOos, a MaKHce CHUMNCEHUEe NOmped1eHUs
INNEKMPOIHEPZUU, 600bL U CHIPbA. IO NPUBENO K POCHY HPOU3BOOUMEIbHOCU U
VIYHUEHUI) CUCHEMHBIX MEMPUK, MAKUX KAK ce0ecmoumocms eOUHUubl RPOOyK-
UUU U YPOBEHD YO061E€MBOPEHHOCIU KIUeHmMOo8. B cmambe maksice npeonoicena
Memo00102us MOHUMOPUH2A KAK MPAOUWUOHHDBIX, MAK U UHMEN1eKmMYalbHbIX
NPOU3B0OCHIBEHHBIX CUCHEM, YMO CROCOOCHEYem nepexooy K HO8bIM MEXHOJ10-
2uAMmM 6e3 cyuyecmeeHHbIX HapyuileHUIl 8 Cyujecmeyouieli CmpyKmype mpyooevix pe-
cypcoe.

Keywords: Artificial Intelligence, Machine Learning, textile manufacturing,
operational efficiency, predictive maintenance, demand forecasting, inventory
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cJIy:KMBaHUe; MPOrHO3MPOBAHME CIIPOCA; yNpaBjeHHe 3aMacaMu; KOMNbIOTep-
HOe 3peHmue.

Introduction

The textile manufacturing industry is at a
crossroad driven by global demand for produc-
tivity, quality, and sustainability. Textile indus-
tries today need to produce more advanced prod-
ucts with higher quality in addition to minimize
costs, waste and tighter compliance to increas-
ing environmental regulations [1].

These challenges are driving the industry to
adapt to the latest technologies faster than
ever. The advent of Ai (artificial intelligence)
and ML (machine learning) has been a disrup-
tive force in manufacturing which is enabling
them to maximize efficiency, optimize re-
sources and process with an unprecedented
level of accuracy. Though traditional process
improvements might involve a manual inter-
vention or basic automation, Al and ML sys-

tems leverage data at scale to inform decisions
throughout the day. These technologies can
also quickly and accurately identify patterns,
predict outcomes and make recommendations
for corrective actions compared to human op-
erators or traditional systems [2]. It explains
why textile manufacturers experience its de-
sirable effects in improving efficiency, quality,
and response time relatively early [3].

Data has already long been collected at nu-
merous points along the process from sourcing
raw materials, spinning, weaving, dyeing and
finishing, etc. Historically, the majority of this
data was either neglected, locked in siloed
systems, or used only for occasional evalua-
tions. But thanks to modern machine learning
algorithms, manufacturers can leverage this
form of data in new ways, discovering ineffi-

240 Ne 3 (417) TEXHOJIOT'MSI TEKCTUJIBHOM [TPOMBIILIJIEHHOCTH 2025



ciencies that would have remained hidden and
creating plans to engage with them before they
become larger problems. As an illustration, Al-
driven predictive maintenance solutions can
foresee machine breakdowns ahead of time,
minimizing downtime and averting expensive
interruptions [4]. As a few examples, machine
learning models have also been applied suc-
cessfully to such diverse use cases as predict-
ing equipment failure in industries ranging
from automotive to electronics or reducing
time to failure and optimizing the maintenance
schedule [10, 11].

Machine learning models can also help op-
timize production schedules by creating de-
mand forecasts that aligns the production vol-
ume with the market needed volume, signifi-
cantly reducing overproduction and excess in-
ventory [5].

Traditional quality control techniques rely
on the human eye and expertise, with inspec-
tions completed by humans. These methods
are effective to some extent, but tend to cause
errors and inconsistencies; especially as pro-
duction environments scale. Quality control
improvement with artificial intelligence and
machine learning in textile manufacturing
minimizes waste and rework while improving
brand reputation and customer loyalty [12].
Moreover, these sophisticated quality manage-
ment systems can create feedback loops that
help to iteratively fine-tune manufacturing
specifications and create more consistent and
dependable final products over time [6].

The scope of Al and ML can go beyond
quality and efficiency and extend to sustaina-
bility in the textile segment as well. Moreover,
for companies interested in complying with
regulations and consumer expectations, sus-
tainability practices have become mandatory.
With the help of Al-driven solutions, textile
manufacturers are able to significantly lower
their ecological footprint by reducing energy
consumption, improving material use effi-
ciency, and minimizing waste production. Ma-
chine learning models, for example, can dig
deep into energy consumption patterns and
recommend adjustments to those processes
that render them more energy-efficient in a
way that doesn’t alter their speed or quality.
Similarly, Al algorithms can optimize dyeing

and finishing processes with less water con-
sumption and lower volumes of toxic waste,
something that, considering the need of reduc-
ing water and toxic substances in an industry
historically excessive in terms of resources,
becomes core [7].

Al and ML also offer the potential for
greater agility and resilience in textile manu-
facturing. Manufacturers have to constantly be
able to adapt themselves in an extremely dy-
namic global environment considering chang-
ing demand patterns from consumers, supply
chain management and changing regulatory re-
quirements. Al systems make decision-making
faster and more accurate enabling the textile
companies to adapt better to changing situa-
tions [8]. This is an essential competitive edge
enabled by the flexibilities that Al and ML
brings in terms of being able to deflect produc-
tion to other facilities, change outputs based on
live sales numbers, and to quickly start new
product lines [9].

Al and ML are also making inroads into
supply chain management. Through studying
previous data and current market tendencies,
these innovations are allowing for more pre-
cise demand forecasting, better inventory con-
trol and enhanced supplier interactions. In a
fast-changing textile market, where consumer
tastes evolve rapidly and seasons dictate pro-
duction schedules, being able to predict de-
mand amounts to a survival advantage over
competitors [13].

Despite these advancements, the adoption
of Al and ML in textile manufacturing is still
in infancy compared to other industries. An-
other challenge highlighted in the literature is
that textile production is highly fragmented
where many of the operators are small in size
and legacy technologies are commonly used,
which complicates the implementation of ad-
vanced technologies. Also, most manufactur-
ers are reluctant to invest in Al and ML based
solutions owing to uncertainty regarding im-
plementation cost, need of specialized exper-
tise, and data security [14].

The existing literature shows a significant
gap inthe application of Al and ML in the tex-
tile industry. And whereas other manufactur-
ing sectors have shown obvious advantages of
AM technologies, textiles is a field ripe for ex-
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ploration and invention, especially when it
comes to aligning these technologies with sus-
tainable production objectives and the prolifer-
ating demands of global markets.

The article aim is to underline best prac-
tices, common barriers, and realistic solutions
that will contribute towards achievable sus-
tainability, productivity, and market respon-
siveness outcomes.

Methodology

This methodology applies a hybrid data-
driven and model-based approach to analyze,
predict, and optimize textile manufacturing op-
erations using artificial intelligence (Al) and
machine learning (ML). The framework con-
sists of six interdependent modules: (1) Data
Acquisition and Fusion; (2) Feature Engineer-
ing and Signal Processing; (3) Predictive Mod-
eling; (4) Quality Inspection Integration; (5)
Resource Optimization via Learning Agents;
and (6) Evaluation of Model Generalizability.
Each stage is informed by recent advance-
ments in textile automation and cognitive man-
ufacturing systems [1, 3, 6, 15...17].

High-frequency sensor streams are col-
lected from Lakshmi Rieter G 38 Ring Spin-
ning Machines and Picanol OmniPlus-i Airjet
Looms at the Crescent Textile Mills (CTM),
Pakistan.  The  following  operational
parameters are recorded:

e Machine Temperature (°C) via infrared
thermal sensors (Siemens LMS100),

e Processing Speed (m/min) using rotary
encoders,

e Fabric Tension (kg) through strain
gauge transducers.

These signals are stored in a centralized
data warehouse using Apache Kafka, enabling
real-time ingestion.

Each data stream is first filtered via a
Gaussian smoothing kernel:

i2

& 1 k -—
Xe = = Die-ie Xe—i€ 22, (1)

where X, smoothed value at time t, x,_; ob-
served value at lag i, o standard deviation for
kernel width,k half-window size (set empiri-
cally as 5).

Anomalous values are flagged using Hy-
brid Semantic Signal Temporal Logic anomaly
detectors [18].

The system computes both first-order and
second-order features for ML input.
Derivatives and lagged interactions are
computed via:

dFy, F—F
dt =~ At
AS, =S5 Ty, (2

where % change in fabric tension, AS; energy-

influenced speed proxy, T, machine tempera-
ture at t, S; line speed at t, At time interval be-
tween samples (15 min).

Principal Component Analysis (PCA) is
then used for dimensionality reduction:

AS, =S, T, (3)

where X feature matrix,lW matrix of eigenvec-
tors (principal components),Z projected data in
latent space.

Each labeled dataset D = {x"‘y"}i Z 1 is
used to train classifiers and regressors.

1. Regression Objective: Predicting Ex-
pected Output (0)

1 ~
Lyse = n i=1(0; — Oi)z- 4)
2. Classification Objective: Predicting

Defect Probability P(Dy = 1 | x)
Using cross-entropy loss:

Lep = Xizq[yilog(p) + (1 —yp)log (1 —p)]. )

Models employed include:
Random Forest (100 estimators),
e XGBoost (depth=6, eta=0.3),

e Multi-Layer Perceptron with ReLLU ac-
tivations,
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e SVM with RBF kernel K(x,x") =
=exp (—y llx —x" 1)

10-fold cross-validation is applied with
stratified sampling [16, 19, 20].

High-resolution 4K line cameras (Basler
acA1920-40uc) scan fabrics, and CNN-based
classifiers trained using labeled micro-defect
datasets (FabricNET [13]) are applied.

Each image is processed as a 3D tensor
I «wxe- The defect classifier uses:

y=0Ws f(W, f(WiI + by) + by) + b3) , (6)

where W; learned convolution weights, b; bi-
ases, f activation function (ReLU), o sigmoid
function.

To reduce false positives, the Mahalanobis
distance is used for defect region validation:

where C; cost function for unit i, R;; resource
requirement, B; resource availability.

Dy(x) == x -, ()

where p and X' are the mean and covariance of
normal pixel feature distributions.

Energy and material consumption forecast-
ing is conducted via polynomial regression:

E =By +BiS+ B,S? + BT + B,FT + €, (8)

where E predicted energy usage (kWh),
S speed (m/min), T machine temp (°C), FT
fabric tension (kg), B; model coefficients, and
€ is Gaussian noise term.

Production scheduling optimization is
modeled as a constraint satisfaction problem:

m
min Z C;(x;)subject to
X
i=1
izq Rij(x) < B, Vj, 9

Resource-aware reinforcement learning
agents apply Q-Learning:

Q(s,a) « Q(s,a) + a[r + y X max,' Q(s’,a") — Q(s,a)] , (10)

where Q(s, a) estimated utility (Q-value) of
taking action a in state s; « learning rate (con-
trols the extent to which new information over-
rides old); r immediate reward received after
taking action a; y discount factor (determines
the importance of future rewards); s’ next state
after taking action; max,’ Q(s’,a") maximum
Q-value for all possible actions a’ in the next
state s'.

To assess generalization, models are evalu-
ated on unseen data from a second production
site: Faisalabad Garment Zone Industrial
Block C. Transfer learning is used with frozen
base layers and fine-tuned final layers on local
data, comparing F1-scores and mean squared
errors across domains [6, 8, 18, 19].

Bayesian optimization is used for uncer-
tainty estimation:

D
p(fID) =228 (1)

where p(f) prior, p(D|f) likelihood of data
given function f, p(f|D) posterior prediction.

Results

Al-based scheduling and predictive
maintenance algorithms were deployed to op-
timize textile manufacturing operations across
two production lines at Crescent Textile Mills.
The automated adjustment of speed, tempera-
ture, and line load led to measurable increases
in production throughput and efficiency. Com-
parative data collected over five operational
days (fig. 1) highlights clear improvements in
output, reduction in downtime, and better uti-
lization of available shifts without requiring
hardware upgrades or labor additions.
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As can be seen in Figure 1, the introduction
of Al resulted in an average of 26.7% more
output daily. Line efficiency increased from
76% to 90.1% primarily due to less downtime
and smoother transitions between operational
phases. The 37.5% decrease in unplanned
downtime translated into more continuous op-
eration across every shift. Shift utilization also
increased significantly, rising from 81.5% to
95.4%, suggesting a more efficient use of both
human and machine capital. These improve-
ments validate predictive analytics as a tool for

Unplanned Downtime

Metric

Fig. 1

Line Efficiency Shift Utilization
(%) (%)

stabilizing and optimizing production effi-
ciency.

A computer vision inspection framework
based on convolutional neural network (CNN)
was implemented on high-speed air jet looms.
The objectives were, to enhance accuracy in
detecting fabric defects, shorten fabric classifi-
cation latency, and reduce manual reinspec-
tion rates. The system was benchmarked ver-
sus traditional manual inspection over multi-
ple quality control cycles, each consisting of
1,000 to 1,200 scanned fabric meters (fig. 2).
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The automatic visual inspection system
has brought a clear advantage over inspection
by people or manual inspection. Overall In-
spection accuracy increased by 6.4% with
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Metric

Fig. 2

98.4%. This is critical for the trust in auto-
mated decisions and both the false positives
and false negatives are significantly reduced.
The average classification time was reduced by
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42.6% making real-time applications possi- Resource usage across the dyeing and fin-

ble. The need for manual reinspection was re- ishing departments was analyzed before and
duced by 64.2%, indicating the ability of the after the implementation of ML-based predic-
system to make consistent and reliable judg- tive optimization. Adjustments were made in
ments. It indicates that Al-based inspection machine operation schedules, dye-to-fabric ra-
can significantly contribute to quality assur- tios, and rinse cycles. The fig. 3 reflects weekly
ance in textile production reflection on gener- average consumption and waste indicators,
ative Al in domain. collected under controlled conditions at Cres-

cent Textile Mills.
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Fig. 3
Machine learning models enabled intelli- sults affirm the value of predictive control sys-
gent parameter tuning that led to resource sav- tems in sustainable resource management.
ings across all categories. Electricity consump- Al-driven diagnostics and failure predic-
tion was reduced by 17.5%, while water usage tion models were deployed on spinning frames
declined by a similar margin. Waste reduction and looms to enhance system uptime and
was particularly significant in cotton fabric schedule preventive maintenance. Baseline
remnants, falling from 530 kg to 420 kg. Dye metrics were recorded over one operational
and chemical usage were also optimized, re- month prior to Al implementation and com-
flecting more accurate saturation targets and pared against a subsequent Al-assisted opera-
minimized over-application. The cumulative tional month (fig. 4).
cost savings per day exceeded $680. These re-
Before Al After Al
Response Time to Failure (minutes) Response Time to Failure (minutes)
Emergency Shutdowns (per month) Emergency Shutdowns (per month)
9 Preventive Maintenance Rate (%)
29.6% | Preventive Maintenance Rate (%) e

v Mean Time to Repair (h)

Mean Time 66.6% 0.8% Mean Time 71.6%
Between Failures (h) Mean Time to Repair (h) Between Failures (h)
Fig. 4

The improvements in reliability metrics un- nearly 27%, and the rate of preventive over re-
derscore the predictive model’s ability to pre- active maintenance rose by one-third. Emer-
vent breakdowns. The MTBF increased by gency shutdowns were cut in half, and techni-
31.1%, allowing machines to run longer with- cian response times dropped from 27 to 18
out failure. Repair times were reduced by minutes. Together, these results point to
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greater stability and fewer operational disrupt-
tions, which are vital for high-throughput tex-
tile environments.

Post-implementation KPIs were tracked to
understand broader business outcomes such as

Before Al
Order Revisions
Due to Defects (%)

On-Time

Delivery Rate (%) Cnize

9.99"

Customer Satisfaction
(1-5 rating)

Cost per Unit
Produced (USD)

Overall efficiency gains translated into im-
proved customer-facing outcomes. The deliv-
ery rate reached 97.4%, and cost per unit
dropped by 10.7%, enhancing financial com-
petitiveness. Customer satisfaction increased
by 0.6 points on a 5-point scale, attributed to
consistent product quality and punctual deliv-
ery. Production yield rose significantly, and
product returns or revisions due to defects
were cut by more than half. These metrics col-
lectively support the case for long-term Al

Before Al

Avg Task Completion
Time (s)

Process Deviation

6.7% Events/Week

Avg Output per ' 88.6% Task Accuracy (%)

Operator (units)

Operator productivity improved due to
real-time feedback and error-prevention inter-
faces powered by machine learning. Output
per operator increased by 160 units per shift.
Task accuracy saw a 7.5% improvement, and
process deviation events dropped by over 60%,
reflecting reduced need for rework. Comple-
tion time also decreased, allowing operators to
complete tasks faster with higher reliability.
These metrics demonstrate that Al does not re-
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Production Yield (%)

Fig. 5

Fig. 6

Delivery Rate (%)

customer satisfaction, delivery adherence, and
financial efficiency (fig. 5). The data was ex-
tracted from ERP logs, delivery schedules, and
customer feedback forms between January and
March 2025

After Al
Order Revisions
Due to Defects (%)

On-Time

45.1% Production Yield (%)

8.593'

Cost per Unit Customer Satisfaction
Produced (USD) (1-5 rating)

adoption as a driver of quality, reliability, and
profitability.

To understand AI’s influence on workforce
performance, productivity scores and task ac-
curacy were recorded from shift supervisors
and machine operators (fig. 6). The data re-
flects performance before and after Al-driven
interfaces and guidance systems were installed
at Faisalabad Garment Industrial Zone.

After Al

Avg Task Completion
Time (s)

Process Deviation
- Events/Week

e Task Accuracy (%)

75.1%
Avg Output per

Operator (units)

place labor but enhances it through smart aug-
mentation and digital guidance.

The final evaluation involved assessing the
performance of trained models used across
forecasting, classification, and optimization
tasks. Each model was benchmarked using test
data collected from both production sites, with
performance scored on accuracy, precision,
and computational cost (Tab. 1).
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Table 1

Model Accuracy (%) | F1-Score (%) Inference Time (ms) Use Case
Random Forest 94.0 92.8 21 Output prediction
XGBoost 95.1 934 25 Resource optimization
Deep Neural Net 97.3 96.0 58 Defect classification
SVM (RBF kernel) 92.5 90.7 33 Maintenance failure detection
CNN (Vision) 98.4 96.5 47 Real-time image inspection

Model benchmarking confirmed high lev-
els of predictive accuracy and efficiency. The
deep neural network achieved 97.3% accuracy
in output forecasting, while the convolutional
neural network used for vision inspection per-
formed best at 98.4%. XGBoost struck a bal-
ance between speed and accuracy in resource
planning. Random Forest remained the most
efficient in terms of inference speed, suitable
for real-time output applications. All models
demonstrated robust generalization and real-
time applicability across textile production op-
erations.

Discussion

This article discusses the advances of Al
and machine learning technologies devoting
to textile manufacturing process optimization.
The application of advanced mathematics and
algorithmic processes to expedite data-driven
decision-making within manufacturing sys-
tems is classically achieved through the use of
optimized data architectures enabled by cus-
tom-designed, or "fit-for-purpose” computa-
tional resources, which have been discussed in
detail in earlier sections. The improvements
across key performance indicators, including
but not limited to production likeliness, defect
tolerance, energy consumption and operational
reliability evident across the lifecycle of nu-
merous industries (more accessible if dis-
cussed as domains) confirm that a shift to-
wards data driven methodologies achieves the
scale of improvements that such abstractions
predict. These results are not only valuable in
terms of confirming the expected efficiency
improvements, but also provide insight into
exactly how Al and ML accelerate production
workflows.

This also highlights the much more sub-
stantial reduction in defect rates compared
with earlier work [23], owing to the application
of real-time computer vision systems. Older

methods were sometimes based on simple sta-
tistical techniques and manual checks, which,
though crude, did not provide the same reader
experience of precision and reproducibility.
"What is scientifically significant about this
study is that, through the application of ma-
chine learning algorithms that learn more and
more from new information, we can achieve
improved defect detection accuracy over time,
which has a positive effect on reducing waste,"
Liu concludes. Thus, instead of static quality
control processes, we exploit the fact that we
operate under a dynamic, evolutionary envi-
ronment conducive to continuous processes of
improvement, as one can see in some recent
trends [24].

The use of supervised machine learning
models on sensor data allows the manufactur-
ing environment to be reactive. This is a huge
improvement over historical methods, which
tended to be elbow grease type of solutions in
the design phase followed by routine logic on
testing, rather than something that is in-flight
and being monitored all the time. Predicting
failures and fixing them before entering in pro-
duction will increase operational reliability
and lead to higher production output and
lower costs [20].

This study shows quantifiable energy and
material waste reductions in terms of resource
utilization. Optimization has evident impacts
on material waste as well, as energy savings
from optimization scheduling, contribute to
more tightly controlled runs which are more
aligned to future forecasts [21].

In addition, the findings of this research
highlight the significance of data-based man-
agement in realizing sustainable development
targets. This focus on sustainability is con-
sistent with new industry standards and regu-
latory needs, thus validating the real-world rel-
evance of these outcomes [25].
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Moreover, we incorporate multiple perfor-
mance measures for a more comprehensive
analysis, contrary to previous studies that of-
ten concentrated on a limited number of per-
formance indicators [22].

These insights will provide benchmarks for
similar innovation and refining as the industry
adopts and integrates these new technologies.

Conclusion

Artificial intelligence and machine learn-
ing in textile manufacturing sectors used to
improve efficiency, quality, and resource opti-
mization. Where possible, real-time sensor
data and modelling techniques are being com-
bined to predict the behavior of the system, op-
timize production parameters and more effec-
tively predict when failures will occur in even
the most complex production environments.

The observed improvements were not lim-
ited to metrics on a technical or operational
level but also spill into performance indicators
atthe organizational level: delivery reliability,
customer satisfaction, and cost per unit, attest-
ing the winning power of Al when imple-
mented on vertically integrated production
chains. Notably, sustainable automation was
reinforced by intelligent machines and assis-
tive technology that support workers instead of
replacing them, thus strengthening the social
and operational aspect of sustainable automa-
tion, humans’ augmentation by artificial intel-
ligence.
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