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Abstract 

The adoption of image processing-based technologies in the 

textile sector is rising. This technology is commonly utilized to 

replace traditional sensor systems that are limited to a single 

function while also improving product quality control functions. 

Defects during the manufacturing process are a common problem 

in the textile business, particularly with fabric products. This 

study created a fabric quality control system that detects fabric 

problems using machine learning-based picture classification 

techniques. A D320p web camera detects rare and slap flaws, 

which are classified using open-source Google teaching machine 

software and processed on a Raspberry Pi 3B device. The 

laboratory-scale measurement was carried out on a prototype 

cloth rolling machine using the confusion matrix method. The test 

results reveal an average inference speed of 143.5 milliseconds, a 

frame rate of 6.45 fps, and a 98.56% accuracy rate. These results 

demonstrate that the proposed system is effective and efficient for 

detecting fabric defects, offering a promising solution for 

enhancing quality control in the textile industry. Future research 

could focus on scaling the system for industrial use and enhancing 

real-time performance. 
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1 Introduction 

According to the official website of the Ministry of Industry of 

the Republic of Indonesia on Thursday, 14 July 2022, the Minister 

of Industry said that the Textile and Textile Products (TPT) 

industry has a strategic role in national development and 

contributed to absorbing a workforce of 3.65 million people as of 

August 2021. The rapid growth of the textile industry is a problem 

in itself with its challenges in the form of increasing the 

competitiveness of product quality to meet customer satisfaction.  

According to Crosby, quality is conformity to needs, which 

include availability, delivery, reliability, maintainability, and cost 

effectiveness [1]. Production defects are one of the factors that 

affect the quality of a product. In fabric production, there are types 

of defects that often occur, namely, double warp, double pick, 

uneven thickness, slap, rare, inappropriate fabric color, and missed 

patterns. 

This research aims to realize a tool that can be used to detect 

fabric defects as an early warning inspection so that the 

recommendations can be used to determine product quality 

factors. This tool is placed on the fabric rolling machine before the 

fabric is distributed to consumers with 2 types of defects detected 

in this study, namely rare defects and slap defects. To carry out its 

function as a fabric defect detector, modeling of fabric conditions 

is carried out using Google Teachable Machine software. Image 

processing for classification function using Raspberry Pi 3B. The 

system used for the fabric inspection process in this study uses the 

image classification method. Image classification is one part of 

digital image processing that belongs to the machine learning 

family. It is called part of machine learning because in the image 

classification system there are the stages, namely the supervised 

learning process, the feature extraction process, the process of 

collecting machine learning algorithms, improving performance 

by using additional data, and the model adaptation process marked 

by variations in training data [2], [3].  This research narrows its 

focus to rare defects and slap defects using Google Teachable 

Machine software for machine learning based image classification 

and Raspberry Pi 3B for image processing. The novelty lies in the 

integration of an accessible, low-cost system aimed at providing 

early warning inspection for fabric defects directly on fabric 

rolling machines, a placement that could significantly impact 

quality control before products are distributed to consumers. 

1.1 Machine Learning 

Machine learning as a branch of artificial intelligence plays a 

role in the development of pattern identification systems and 

digital image processing. In an image classification system, 

machine learning has the role of recognizing and categorizing 

images into classes or categories based on extracted features that 

are determined on the training data of an image [4]. Machine 

learning techniques that can be applied in image processing 

systems include: 

1. Convolutional Neural Networks (CNNs). CNNs are a type of 

neural network architecture that is highly effective for image 

processing tasks. They are able to extract hierarchical features 

from images using layers of convolution and pooling [5], [6]. 

2. Transfer learning. Transfer learning involves using a model 

that has been previously trained on a large dataset (e.g., a 

model trained on the ImageNet dataset) and adapting it to a 

smaller or specific dataset. This allows using the information 

learned by the existing model for a new image classification 

task [7]. 

3. Data augmentation. Data augmentation involves generating 

additional variations of the training image by applying 

transformations such as rotation, cropping, shifting, and others. 

This helps to increase the diversity of the dataset and reduce 

over fitting [8].  

4. Feature extraction. This technique involves extracting features 

from images using methods such as manual feature extraction 

or using pre-trained models, and then using those features as 

input to a simple classification model [9]. 

By combining these techniques, machine learning models can 

be built and trained to perform image classification with high 

accuracy in various applications, such as object recognition, object 

detection, and object classification [10].  Fig. 1 is an example of a 

machine learning application algorithm for image classification. 
 

 
Fig. 1. CNN algorithm illustration in image classification 

application [11]. 
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Fig. 1 provides an overview of the CNN algorithm for image 

classification applications equipped with the equipment needed for 

image classification processes such as cameras, preprocessing 

tools, devices for processing CNN algorithms and means for 

displaying algorithm results at the post processing stage. In this 

research, the object detected is the type of fabric, the 

preprocessing tool uses Google Teachable Machine, CNN 

algorithm and displays the output using Raspberry Pi 3B. 

1.2 Image Classification 

Image classification is the process of categorizing or grouping 

the digital image into predefined classes or categories based on the 

visual characteristics contained in the image. The main objective 

of image classification is to identify or predict the class or label 

corresponding to a given image [12].  Generally, there are two 

digital image classification systems, namely supervised learning 

and unsupervised learning [13]. Supervised learning is one of the 

paradigms in machine learning where models learn from examples 

that are already labeled. In supervised learning, the training 

dataset consists of known input and output pairs (labels) [14]. 

There are two main types of supervised learning: 

1. Regression. Regression is to learn the relationship between 

continuous inputs and outputs, so that the model can predict 

new outputs for inputs that have not been seen before [15], 

[16]. 

2. Classification. In classification, the predicted output is a 

discrete class or label. A model is used to map each input to 

one of the predefined classes or labels. Examples of 

classification include image recognition, text classification, 

and email spam detection [17]. 

Unsupervised learning is a paradigm in machine learning 

where models are learnt from data that has no labels or pre-

structured information. The main goal of unsupervised learning is 

to discover patterns or structures hidden in data without the help 

of labels [18]. There are two main tasks in unsupervised learning: 

1. Clustering: tasked to separating data into distinct groups 

without any labels. Examples of clustering tasks include 

customer segmentation based on purchasing behavior, news 

clustering based on topics, and image clustering based on 

visuals [19].  

2. Dimensionality reduction: tasked to reduce the number of 

dimensions or features in the dataset, while retaining as much 

relevant information as possible [20]. 

2 Research Methods 

The method used in this research is supervised learning with 

training data in the form of fabrics classified into the categories of 

good fabrics, rare defective fabrics and slap defective fabrics. The 

software used is Google Teachable Machine tool to build pre-

processing, and open CV to build CNN algorithms. While the 

hardware used is a Logitech D320 web camera to capture objects, 

and Raspberry Pi 3B in post processing training by utilizing GPIO 

to provide indicators and warnings of fabric classification results. 

The process, image classification diagram in this research is 

expressed in Fig. 2. 

 

SPARSE DEFECT FABRIC

SLAP DEFECT FABRIC

GOOD FABRIC

RASPBERRY PI

CAMERA

TEACHABLE MACHINE

 
Fig. 2. Process diagram of fabric classification system. 
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Fig. 2 shows the process of the fabric classification system 

using Teachable Machine and Raspberry Pi.  

Red dashes: these indicate the flow of the training and labeling 

process, beginning from the initial data capture to model training 

and XML export. On this process the fabric is sample data read by 

the camera and stored in the Teachable Machine according to the 

classification that has been made. The sample data is then stored 

in the Raspberry Pi as a training data library. 

Black dashes: these represent the real-time model 

identification process, where the trained model is used to classify 

fabrics during production on the black process, the fabric is a 

model that will be read by the camera and executed by machine 

learning embedded in the Raspberry Pi to determine the 

classification results of the model. 

The Teachable Machine algorithm is shown in Fig. 3. 

 

Start

Process Training

Export Model

Evaluate Model

Deployment

End

Model previewData Training

Data Acquisition

Problem Scoping

 
Fig. 3. Algorithm of fabric detection system with Teachable Machine. 

 

Through Fig. 3, it can also be explained that there are 2 

mechanisms for the image classification process in this study in 

the first stage, namely preprocessing which consists of the data 

acquisition process, training process, preview, model export, and 

testing. In the second stage, namely post processing which 

consists of the deployment process and GPIO addressing. 

2.1 Data Acquisition 

At this stage, the object dataset that will be used to train the 

model is collected. Each object is labeled according to its 

category. In this research, data collection is done by taking 

samples of various fabric conditions captured with a camera and 

stored in the Teachable Machine according to the category. The 

categories created are good fabric, rare defects, and slap defects. 

Table 1 shows the description of the amount of training data. 
 

Table 1. The dataset samples 

Category  Number of sample 

Good fabric  251 

Rare defect  325 

Stain defect  204 
 

Table 1 shows that there are 3 categories of samples from 

several models sampled: 251 good fabric samples, 325 rare defects 

samples, and 204 slap/stain defects samples.  Sample collection 

was carried out using Teachable Machine tools and a Logitech 

D320p camera. 

2.2 Training Process 

At this stage, the machine learning model is trained using the 

collected dataset. This involves using Machine Learning 

algorithms, such as Convolution Neural Networks, to adjust the 

model parameters to recognize the desired objects or categories.  

In the training process, there are important terms that become 

parameters, namely: 

1. Epochs: the number of times the entire training dataset is used 

in training the model. Determines how many iterations are 

required during training [21]. 

2. Batch size: the number of data instances processed in a single 

training iteration. Affects training speed and computational 

resource utilization [22], [23]. 

3. Learning rate: a parameter that controls how much the model 

parameters change during training. Determines how quickly or 

slowly the model converges to the optimal solution [24]. 

Fig. 4 shows the training process on Teachable Machine. 
 

 
Fig. 4. Training model Teachable Machine. 

 

Fig. 4 displays the training process carried out on fabric defect 

sampling, there are 50 epochs, 16 batch sizes and a learning rate of 

0.001. 
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2.3 Preview 

This stage involves developing the interface or appearance of 

the application that utilizes the trained model. This may include 

user interface design, model integration, and other settings for the 

application to interact with the model effectively. In the Teachable 

Machine implementation, this stage is called the preview stage, 

which displays the conformity between the model and the training 

data in a certain percentage. Fig. 5 shows the preview results of 

the model that has been trained. 
 

 
Fig. 5. Preview model Teachable Machine. 

 

Fig. 5 shows an example of the preview process, the fit of the 

model to the training data on the test defects are rarely detected 

with a fairly high classification rate of 99%. 

2.4 Export 

The next step is export model. In Teachable Machine export 

model is the process of taking the trained machine learning model 

and generating it in a format that can be used in various 

applications. In this case, export the model into the tensor flow lite 

format with the quantization method. Tensor flow lite with 

quantized is a machine learning model that has been optimized for 

use on limited power devices. Quantization is a technique that 

reduces the size and complexity of a model by changing its 

numerical representation to be more efficient, which allows the 

model to run faster on devices such as Raspberry Pi. This kind of 

model is suitable for real-time applications that require fast 

response. Fig. 6 shows how to export the model on Teachable 

Machine. 

 

 
Fig. 6. Export model Teachable Machine. 

 

After the model is successfully exported, the results of the 

export are in the form of two files, namely files in .tflite format 

(model.tflite) and labels in .text format (labels.txt). Labels are in 

the form of category or class name information. 

2.5 Testing 

The purpose of model testing is to ensure that the model 

provides accurate predictions and that the application works 

properly. Testing includes functionality tests and verification that 

the model provides expected results on new data.  The Evaluation 

stage is to evaluate the performance of the machine learning 

model by testing the model on data that has never been seen 

before. The Evaluation stage used is accuracy evaluation. To 

calculate accuracy using the Eq. 1. 

 

         
                        

            
         (1) 

2.6 Deployment 

This is the mechanism of embedding the tensor flow into the 

Raspberry Pi device using the ApplicationImageClassification.py 

application. To explain the deployment process into the Raspberry 

Pi 3B, the program algorithm is made as shown in Fig. 7. 
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Fig. 7. Deployment algorithm of image classification programming with Raspberry Pi. 



 518 Disseminating Information on the Research of Mechanical Engineering - Jurnal Polimesin Volume 22, No. 5, October 2024 

Fig. 7 explains in detail the stages of deploying the image 

classification program into the Raspberry Pi microprocessor using 

the python programming language. This process begins with 

system initialization, and configuration of GPIO pins on the 

Raspberry Pi. Next, the program takes an image from the camera 

source, and performs the necessary pre-processing operations such 

as flipping and color conversion. The image obtained from the 

camera capture is operated with a pre-initialized image 

classification model. The inference results of the model are used 

to perform classification of the image. 

When the classification result is satisfied with the predefined 

conditions, the program will control the GPIO pins based on the 

classification result. This process continues continuously, 

returning to the step of capturing the image from the camera after 

completing the classification and hardware control steps. When 

the user presses the ESC key, the program stops and closes the 

program.  The visualization of the Raspberry Pi working system 

flow chart is described in the hardware block diagram in Fig. 8. 
 

 
Fig. 8. Hardware visualization of image classification systems. 

 

Fig. 8 explains the communication process between the 

hardware used in the image classification application for fabric 

defect detection. The camera takes a sample image of the fabric 

that passes within its range, then the image is sent to the 

Raspberry Pi via the USB port to be processed with the CNN 

algorithm. Image data processing uses the "Application of Image 

Classification" program with the output in the form of fabric 

classification data. Based on the classification result data, the 

program will control the Raspberry Pi GPIO pin to carry out the 

program execution function, namely stopping the rotation of the 

rolling motor turning on the fabric defect type indicator and 

activating the buzzer. The start button is used to reactivate the 

fabric rolling process by activating the stepper motor and the 

classification system is active again. The stop button is to 

temporarily stop the process that is running. 

3 Results and Discussion 

3.1 Application Image Classification Result 

In this study, there are three main variables observed, which 

are Frame Per Second (FPS) data, inference time, and accuracy for 

each deployment process with the 

ApplicationImageClassification.py application. 

Fig. 9 is ApplicationImageClassification.py. view.  In this 

view, there is some important information presented: 

1. Frames Per Second (FPS) data, states the speed at which the 

camera device is able to capture image frames in one second. 

2. Inference data states the time required to perform the inference 

process or the time required to predict or classify the data it 

reads. 

3. Classification result is the result of the camera reading that 

states the type of classification of the object model it reads. 

Classification value is the confidence level or accuracy level of 

the system against the given classification result. 

  

 
Fig. 9. ApplicationImageClassification.py. 

3.2 Image Classification Application Performance Testing 

Image classification application performance testing includes 

measuring the speed of the classification process in the inference 

times parameter, the speed of the camera reading each frame of 

the Frame Per Second (FPS) unit, and the accuracy of reading the 

classification results. The values of the inference times and fps 

parameters for each category are shown in Table 2. 

 

Table 2. Classification process speed test data 

Category FPS average 
Inference 

average (ms) 

Number of 

frames/minute 

Good fabric 7.44 126.69 351 

Rare defects 5.98 150.87 365 

Slap defect 5.93 152.93 365 
 

Table 2 states the FPS speed and inference speed of the 

classification process for 3 types of models, namely good fabrics, 

rare defective fabrics, and slap defective fabrics. Based on Table 

2, the performance graph of the 

ApplicationImageClassification.py program can also be made. 

Fig. 10 presents the inference time and Frames Per Second 

(FPS) graph for the good fabric category, based on a total of 352 

data captures. The analysis reveals that the average inference time 

for good fabrics is approximately 126.69 milliseconds, which 

translates to a processing rate of around 7.44 frames per second. 
 

 
Fig. 10. Graph of application image classification performance for 

good fabrics. 
 

Fig. 11 illustrates the inference time and Frames Per Second 

(FPS) graphs for fabrics with sparse defects, using data from 365 

captures. On average, the inference time for these fabrics is 

approximately 150.87 milliseconds, corresponding to a processing 

speed of about 5.98 frames per second. 

Fig. 12 presents the inference time and Frames Per Second 

(FPS) graphs for fabrics with slap defects, based on 365 data 

captures. The average inference time for these fabrics is 152.93 

milliseconds, yielding a processing rate of approximately 5.93 
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frames per second. From these findings, it can be concluded that 

the image classification application achieves an overall average 

inference time of 143.5 milliseconds across all categories, with an 

average processing speed of 6.45 FPS. 

 

 
Fig. 11. Graph of application image classification performance for 

rare defects. 

 

 
Fig. 12. Graph of application image classification performance for 

slap defects. 

3.3 Model Classification Accuracy Testing 

Accuracy testing to evaluate how well the model or system 

classifies images into the right class or label. Accuracy test data is 

obtained from the file 'results_classification.csv'. Table 3 shows 

the system accuracy prediction data that has been taken from the 

csv file. 

 

Table 3. Data accuracy result of fabric classification system 

Predicted 
Inference 

time 

Actual 

Good fabric Rare defects Slap defects 

Good fabric 126.69 318 0 0 

Rare defects 150.87 7 325 7 

Slap defects 152.93 0 0 318 

 

Based on Table 3, it explains that in the good fabric test, 

namely for 126.69 ms, 325 inference results are read with 318 

stating as good fabrics and 7 stating as rare defects. In the rare 

defect test, namely for 150.87 ms, 325 inference results were read 

with 325 stating as rare defects. In the slap defect test, namely for 

152.93 ms, 325 inference results were read with 318 stating as 

slap defects and 7 stating as rare defects. Visualization of the 

confusion matrix in percentage form based on the data contained 

in Table 3 is shown in Fig. 13. 

 

 
Fig. 13. Confusion matrix fabric classification accuracy. 

Based on the results in Fig. 13, the average accuracy of all 

model classification test results is 98.56%. This is better than the 

previous research that resulted in an accuracy of 98.44% [25]. 

4 Conclusion 

This research developed a fabric defect detection system with 

the implementation of the image classification method 

demonstrated high performance, with an average inference speed 

of 143.49 milliseconds and a frame rate of 6.45 fps. The system 

achieved an accuracy rate of 98.56% in detecting fabric defects, 

demonstrating its effectiveness in real-world applications. 

Analysis revealed a correlation between inference time and frame 

rate, where an increase in inference time resulted in a lower frame 

rate. Therefore, it is promising to create a practical early-warning 

inspection tool for fabric defects. The system's ability to classify 

defects accurately and operate efficiently makes it a valuable asset 

for quality control in the textile industry. Future improvements 

could focus on enhancing the system's adaptability to various 

lighting conditions and further optimizing the processing speed. 
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