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• Definition Of Textile Industry

• The textile industry is the industry 
which involves the sections like research, 
design, development, manufacturing 
and distribution of textiles, fabrics and 
clothing.
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RESEARCH CONTEXT / BACKGROUND 2

Industry Challenge:

• The unexpected equipment 
failures cause unplanned 
downtime, leading to billions 
in annual losses for 
industries. 

• This impacts productivity, 
operational efficiency, and 
overall revenue.

Traditional Methods:

• Many industrial applications, 
are facing preventive or 
reactive maintenance; 

• Here, preventive maintenance 
is very expensive because of 
unnecessary servicing and 
they are not efficient, because 
it fails to anticipate events 
that can avoid failure [1].

ML Role:

• This helps to predict the 
maintenance, which is done 
by analyzing the real-time 
sensor data to get failure 
patterns

• This helps to predict the 
problems in advance for cost-
cutting and reducing the 
period of failure in a machine.



• For example, recently in Surat one of 
the biggest industry market shiv shakti a 
fire break out in this market. The fire 
was  burning there for 48hours but there 
was no system there to detect the fire.  
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RESEARCH PROBLEM
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Identified Gap: The identified Gap is the limited adoption of ML-driven predictive 

maintenance in Light Steel Framing Manufacturing Companies because of 

implementation issues and resistance in the industry.

Current Issues: The Current Issues are that existing methods generate high false alarms 

resulting in unnecessary maintenance [2]. Moreover, most models arising from ML remain 

non real time adapted for dynamic industrial environments.

Need for Study: Development and optimization of machine learning models for more 

accurate and decreased false positive predictions, and real time failure prediction for 

improved maintenance decision making.
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RESEARCH AIM & OBJECTIVES 5

Aim: This project aims to develop 

the machine learning models for 

predictive maintenance frameworks 

for the textile industry using the 

python language. There will be 

focused on the enhancement of the 

equipment reliability and reduce 

unexpected failures.

To collect and analyze 

real-time sensor data from 

textile machinery to detect 

early signs of equipment 

failure by using the 

python language [3].

To develop and compare 

ML models (e.g., Random 

Forest, LSTM) for 

accurate fault prediction 

using the python 

language.

To validate model 

accuracy and optimize 

predictive maintenance 

strategies to reduce 

downtime and 

maintenance costs.

To provide a 

comprehensive analysis 

on the ML model 

performance and existing 

ways.



LITERATURE REVIEW SUMMARY 6

Existing Research: ML approaches such as SVM, Random Forest, and LSTM for Textile Machinery maintenance.

Key Findings: Machine learning improves fault detection accuracy, but cannot inherently adapt to real-time changes in the 

production of textiles [4].

Gap Identified: There is a need for scalable real-time predictive maintenance models of textile machinery that would prevent 

unexpected failures while optimizing production efficiency.



RESEARCH METHODOLOGY 7

Figure: Research Onion Model

1. Research Philosophy

• Pragmatism: A practical approach will be adopted, combining both objective 
(quantitative) and subjective (qualitative) methods to achieve the best outcomes.

2. Research Approach

• Deductive Approach: The study will build on existing ML-based predictive 
maintenance theories and hypotheses, testing them using real-world industrial data.

3. Research Strategy

• Experimentation: ML models (Random Forest, LSTM, SVM) will be tested for 
predictive accuracy.

• Case Study: Industrial sensor data will be analysed to understand failure patterns.

4. Research Method

• Mixed Method: Combines quantitative model performance metrics with qualitative 
insights from industry experts.

5. Time Horizon

• Cross-Sectional: Data will ne analysed at a specific point in time to evaluate 
predictive maintenance efficiency.

6. Data Collection & Analysis

• Sensor Data: Collected from textile industry machinery.

• ML Model Evaluation: Accuracy, precision, recall, and F1-score are assessed.



RESEARCH METHODOLOGY (Contd..) 8

Step 1: Data Collection: Collect data from secondar source 
where the sensor data from textile industry machines, 
sourced from Kaggle datasets. Includes vibration, 
temperature, and pressure readings. Dataset still not final I 
am working on that. Then I will work on model 
development.

Step 2: Model Development: Historical failure 
patterns will be fed into the machine learning 
model i.e. Random Forest, LSTM, SVM to predict 
when a machine will fail [5].

Step 3: Evaluation: Models evaluated in terms of 
accuracy, precision, recall, and F1-score will be 
shown models helpful in the prediction of textile 
machinery maintenance.

Figure: Model Development Flowchart



9PROJECT PLANNING & RESOURCES

• Timeline: This process is implemented on a 7 

month structured plan, which includes a collection 

of data, preprocessing, model development, and 

evaluation. Iterative testing ensures optimal 

performance. Saunders Research onion model will 

be followed by considering the time-plan for the 

project progress.

• Tools & Techniques: Python for data processing, 

TensorFlow for machine learning model training, 

and IoT sensors for real-time data collection in the 

textile industry [6].

• Resources: Industrial datasets from Kaggle; 

historical sensor data from textile machinery; cloud 

computing for training model; deployment at the 

cloud computing platform for real time fault 

detection.



PROJECT IMPACT & LIMITATIONS

Impact
Predictive maintenance in the textile industry 
allows to reduce the downtime, the 
maintenance costs, and increases the machine 
lifespan. In addition to an improved efficiency 
affords uninterrupted production and a lower 
amount of fabric defects.

Limitations

Only poor data quality, different accuracy of 

sensors, scaling across various types of textile 

machinery. Adoption requires industry-wide 

standardization [7].

Future Scope

Edge computing offers the potential for real-time 

prediction of failure and hence reduces the latency in 

textile mills. Further, maintenance schedules can also 

be optimized from ML-driven automation.

Risk Assessment
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Risk Likelihood Impact Mitigation Strategy 

Data Quality Issues High High 

Implement data preprocessing, outlier 

detection, and validation techniques. 

Model Accuracy & 

False Positives High High 

Optimize ML models through feature 

selection and hyperparameter tuning. 

Sensor Malfunctions Medium High 

Regular sensor maintenance and 

redundant data sources for validation. 

Implementation 

Resistance Medium Medium 

Conduct training sessions and 

demonstrate cost-benefit advantages. 

Computational 

Constraints Low High 

Utilize cloud computing resources and 

optimize model efficiency. 

Scalability 

Challenges Medium Medium 

Develop adaptable models suitable for 

various textile machines. 

 



11CONCLUSION 

Enhanced Predictive 
Maintenance:

• ML provides enhanced Predictive maintenance in the textile 
industry by analysing sensor data of machines to predict their 
early failure sign and this reduces downtime and maintenance 
costs.

Optimized 
Operational 
Efficiency:

• ML-driven maintenance strategies help companies to make 
proactive decisions for reducing unexpected breakdowns and 
promoting overall equipment reliability.

Future Prospects & 
Challenges:

• There are implementation challenges of data quality and model 
accuracy, but by improving edge computing and more adaptive 
ML models, real-time predictive capabilities can be further 
improved.

Predictive 
Maintenance 
Framework:

• It will ensure long-term cost savings, sustainable production 
process and increased competitiveness of industrial 
manufacturing.
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