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Abstract: In this paper, the performance of Convolutional 

Neural Networks such as GoogleNet (Inception) and AlexNet are 

analyzed for the textile defect detection problem. The fabric 

images from ‘Cotton Incorporated’ database is used for this 

research work. The database images are converted to grey scale. 

The noises are removed from the grey scale image using Wiener 

filter. The noise free images are trained using GoogleNet and 

AlexNet to recognize new faults in the fabric. The identification 

of fabric fault by using GoogLeNet include image load, loading 

GoogLeNet network, loading pretrain network, freezing of the 

basic layers, and image validation. The steps in AlexNet for 

finding the fabric defects are image load, AlexNet network load, 

substitution of the final layers, training network, and image 

classification. According to the results of the experiment, 

GoogLeNet training on fabric defects is faster than that of 

AlexNet. The performance of GoogLeNet is the best outdoing 

than AlexNet on various parameter including time, accuracy, 

dropout, and the initial learning.  

Index Terms: GoogleNet, AlexNet, Convolutional Neural 

Network, ScaleRange, Dropout Ratio. 

I. INTRODUCTION 

Every manufacturing process no matter how seamless its 

operation is deemed to be suffers from the possibility of 

defects on the finished product. Textile manufacturing is one 

of such areas were defects exists and is unwanted. With 

respect to textiles, there are two possible classifications of 

defects, namely major defects and minor defects. Major 

defects are defects that if conspicuous on the finished 

product could affect its salability or service ability [1]. 

While minor defects are defects that if present could cause a 

product to be rated as “second” or low quality. The primary 

means of textile inspection for defects is through human 

inspectors (Quality Control) who most times do not have 

sufficient training and rely on photographs of both minor 

and major defects in order to carry out their inspection [2]. 

The use of computers, diverse computer algorithms, 

artificial intelligence, deep learning, convolutional neural 

network, neural networks etc in the identification, detection 

and isolation of patterns, events etc, ensures that the process 

of defect detection in textile could be better managed and 

optimized. Convolutional neural network is one of the 

popular architectures in deep learning. 
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Convolutional Neural Network refers to a special type of 

multilayer neural network whose design is intended to 

directly recognize the visual patterns in pixel images with 

preprocessing that is minimal. It is one of the major image 

recognition and image classification categories [3,4].  

Object recognition and detections faces are some of the 

areas with a wide application of CNNs. CNN image 

classifications will process and classify an input image 

under particular categories (for example Cat, Lion, Dog, 

Tiger). Computers perceive an input image as entailing an 

array of pixels with consideration to the resolution of the 

image. It will see hxwxd based on the resolution of the 

image where h, w, and d represent height, width, and 

dimension respectively. For instance, a 6x6x3 image array 

of a matrix of RGB (where the 3 refer to the values of RGB) 

and a 4x4x1 image array of grayscale image matrix. Deep 

learning CNN models technically will train and test every 

input image which will go through several convolution 

layers with kernals (filters), pooling, and layers that are fully 

connected, followed by an application of the Softmax 

function for purposes of classifying an object with 

probabilistic values ranging between 0 and 1. The first layer 

that extracts characteristics from an image is the convolution 

layer [5]. It helps to preserve the relationship existing 

between pixels through learning images making use of small 

input data squares. It entails a mathematical operation which 

takes two inputs, a kernel or filter, and image matrix. Some 

of the operations that can be performed by image 

convolution with varying filters include edge detection, blur, 

and sharpen through the application of filters. Some of the 

popular CNN architectures include GoogLeNet, AlexNet, 

VGGNet, and ResNet. This paper is a comparative research 

between AlexNet and GoogLeNet to determine the better 

performing deep learning method for use in the detection of 

fabric defects.  

II. LITERATURE REVIEW 

The detection of fabric defect is an essential and necessary 

step when it comes to the control of quality within the textile 

manufacturing industry. Mei et al. [6] in their support for 

deep learning in the detection of fabric defects note that the 

traditional manual visual methods of inspecting fabric tend 

to be poor in precision and low in their efficiency for long-

term industrial applications. They advocate for the 

employment of an automated learner-based approach that is 

unsupervised in the detection and localization of fabric 

defects without the need for manual intervention. The 

automatic approach that enables the reconstruction of image 

patches using a convolutional denoising autoencoder 

network at various levels of the Gaussian  pyramid and a 

synthesis of the outcome of the detection from the respective 

resolution channels. 
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 Each image patch’s reconstruction schedule serves as an 

indicator for the prediction based on pixel. One can generate 

the final inspection outcome through a segmentation and 

synthesis of the residual reconstruction map at the various 

resolution levels. This paper outlines several benefits of 

using this method. The first one being that it is possible to 

train it using merely a few defect-free samples. This, 

according to them, is particularly crucial in situations where 

the collection of large defective sample portions of defect-

free samples is hard and impractical. Second, given the 

multi-modal integration technique, it is relatively more 

accurate and robust compared to other methods of 

inspection. The third advantage according to the findings of 

their investigation, it can address different kinds of textile 

fabrics. They conducted an experiment to test their 

suggested model which yielded impressive overall 

performance characterized by high accuracy and acceptable 

recall rates.   

Siegmund et al. [7] note that defect detection system is an 

integral component of the manufacturing process. It 

guarantees quality for the customers purchasing the fabrics. 

The three authors make a great contribution to the issue of 

fabric defect detection through deep learning. In their article, 

they explore deep neural network, a comprehensive method 

for the detection of two common groups of fabric defects. 

They observe that most of the existing detection systems 

require that textiles are spread out to enable the detection of 

errors. The technique can be applied without the need to 

spread out textiles or any pre-existing processing. The deep 

learning technique that the four authors present has its basis 

on transfer learning. It localizes while at the same time 

recognizing stain, holes, and cut defects. There is a 

combination of classification and localization into a single 

system that brings together two networks that are not 

identical. They point to success even in the case of 

voluminous shapes and the fact that the method is less 

intensive computationally compared to other state-of-the-art 

methods as some of the advantages of this approach. This 

article advocates for the method as an alternative to the 

manual methods of detecting defects including “holes and 

holes’ or “stain/dirt’ which they find to be time-consuming 

and prone to errors. They note that visual inspection could 

be a stable and reliable solution in this domain. A concern, 

however, is on the extent of its applicability. They opine that 

while visual inspection on outspread fabrics may achieve 

high accuracy levels, the case is different when it comes to 

textiles in voluminous shape. Challenges in the domain arise 

in the case of varying colors, uneven surface, sewing pattern, 

as well as the weaving of varying textile fibers such as linen, 

polyester, and cotton. Overcoming such challenges 

according to Siegmund, Prajapati, Kirchbuchner, and 

Kuijper (2018) requires the use of deep learning with their 

recommended deep learning technique being deep neural 

network.  

Seker et al. [8] also acknowledge the essential role of deep 

learning in fabric defect detection in enhancing quality. 

Detection through human vision, according to them, has 

resulted in time-wasting and a declining success rate of up 

to 60% with the growth in market volume as well as 

production capacity. Due to the unique texture of fabric, it is 

necessary that when extracting its features, its functioning 

differs from that of other images. Features are critical 

computer vision material particularly in the classification 

problems. As such, the extraction of the right features is the 

most important phase of the error detection process. This 

paper explores deep learning in distinguishing multilayer 

architecture to achieve high image precision through the 

application of self-extraction to fabric defect detection. They 

conduct a test on stacked autoencoder, a deep learning 

technique, to represent input data through compression or 

decompression to detect defect in fabric that recorded great 

success. In their study, they set out to enhance the success of 

feature extraction through tuning up of the input value as 

well as the hyper-parameters auto encoder. With fining 

tuning of the deep model’s hyper-parameters, they achieved 

a 96% success rate in their dataset.     

Chen et al. [9] propose the combination of algorithm with 

convolutional neural network and Grabcut to enhance the 

precision of fabric texture defect detection. In their study, 

they begin by using a segmentation algorithm that is based 

on grab-cuts to locate the defects and segment them 

accurately in fabric image. Second, is an increase in the 

number of training sample through an expansion of the 

sample images. In the next step, they optimize the neural 

network to learn more efficiently the features of the fabric 

defects making it suitable for the recognition and 

classification of fabric defect. Their study provides a new 

fabric defect detection idea with complex texture fixtures. 

The author acknowledges that the achievement of accurate 

fabric defect detection breakthrough, as at the time of the 

study is still difficult. This is one of the reasons for their 

development of a new detection model that is based on an 

optimized convolutional neural network and Grabcut 

algorithm. The outcome of their experiment depicts that the 

network has higher recognition accuracy and faster 

recognition speed. The recognition effect is enhanced and 

better than that of the traditional learning method. It can 

detect a broad range of fabric defects texture features.   

 Napoletano et al. [10] also make a substantial contribution 

to the understanding of deep learning use in the detection of 

defects on fabric. Automatic detection of anomalies in 

nanofibrous materials and their localization help in reducing 

the product process cost as well as the time that visual 

inspection process, post-production, takes. The most 

effective monitoring methods are those that exploit SEM 

(Scanning Electron Microscope) imaging. Given the high 

resolution of SEM images of up to a nanometer, they can be 

employed in the detection and localization of fine as well as 

coarse-grained defects. In their article, the three authors 

propose a region-based method for anomaly detection and 

localization in SEM images that is based on CNNs 

(Convolutional Neural Networks) and self-similarity. The 

technique analyzes the extent of abnormally of each image’s 

subregion (for the images under consideration) through the 

computation of a visual similarity based on CNN with 

respect to an anomaly-free sub-regions dictionary in a 

training set. In their evaluation, their proposed method is 

found to outperform the-state-of-the-art.  

III.PROPOSED METHODOLOGY 

The GoogleNet (Inception) and AlexNet network are used 

for identifying the fabric faults. The projected work is 

divided into four steps. Step one - The fabric images are 

acquired from “Cotton Incorporated” fabric image database. 
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 Step two - The images are converted to Grey scale. Step 

three - Noises are removed by using Wiener filter [11]. Step 

four - The noise-free images are used to train GoogleNet 

and Alexnet network. The networks identify the fabric 

defects and display the predicted label and prediction 

probability for the images in the dataset. The noise-free 

image dataset is splitted into 70% for Training and 30% for 

Validation.  

A. GoogLeNet (Inception): 

This architecture uses 3 different size filters (i.e., 1X1, 3X3, 

5X5) for the same image and combines the features to get a 

robust output. It consists of 22 layers and it lessens the 

number of parameters from 60 million (AlexNet) to 4 

million. The 1x1 convolution is introduced for dimension 

reduction [12]. This architecture finds the best weight during 

training the network and naturally select the appropriate 

features. 

 

Figure 1: Inception with Dimensionality Reduction [13] 

The Fig.1 illustrates the multiple convolution with 1x1filter, 

3x3 filter, 5x5 filter, and max-pooling layer. 

 

Figure 2: Inception Architecture 

The Fig.2 shows the basic module in the overall network 

architecture. There are multiple Inception modules 

combined to form a deeper network by which high accuracy 

can be obtained.  

Transfer learning provides new training for GoogLeNet and 

AlexNet Network to recognize new faults in the fabric. The 

image analysis pretrained network was trained using 

numerous images to categorize different fabric fault 

including Knots, Foreign fiber, Oil stain, and Needle line 

among others [14]. Images are provided to the network as 

input, and there is labeling of the objects in the images 

making up the output based on the probabilities of each of 

the respective object trajectory.  

 

Steps in Classifying Fabric Fault Image using 

GoogLeNet: 

i) Loading Images: This is the first step in the classification 

of fabric fault image with the help of GoogLeNet. It entails 

loading a small set of image data of about 200 images. The 

data set is divided into two categories. The first is training 

that makes up 70% of the images while the second one is the 

validation set consisting of the remaining 30% of the images.  

ii)  Load GoogLeNet Network: In this second set, there is 

an employment of the “analyzeNetwork” to help in 

displaying the architecture and layer information of the 

network. The Fig.3 displays the layers in GoogleNet 

architecture and gives more information on Weights, Bias 

for all convolutional layers.  

 

 
Figure 3: GoogLeNet Architecture and Layer Information. 

 

iii) Load Pretrain Network: In this step, there is an 

extraction of features from the input images via 

convolutional layer which are then analyzed by the 

classification layer. The extracted features are then 

combined by the “loss3-classifier” and “Output” layers into 

loss value, predicated label, and class probabilities. Fig :4 

shows that New layers replace the two layers with different 

data set for purposes of retraining GoogLeNet network.  

 
Figure 4: New Layer Graph 

 

iv) Freezing the Basic Layers: In this step, GoogLeNet is 

ready to conduct retraining of the new data set. Set the 

initial layers to zero. Significant freezing of the layers 

increases the network’s training speed.  

v) Network Training: The input images for a network that 

is to be trained have to be 223x223x3 in size. However, the 

images in the data set vary in terms of size. Image size is 

restored through the use of augmented image datastore. 

Augmentation of data when it comes to the training of the 

network restricts overfitting while at the same time keeping 

a memory of the characteristics of the training images. In 

Fig: 5 the graph shows the training accuracy – 100%, loss – 

0%, elapsed time – 33 sec, maximum iterations in training 

progress – 204, validation frequency – 3 iterations, learning 

rate – 0.0003. 
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Figure 5. Training Progress 

 

vi) Image Validation: This is the final step involving 

classifying the authorized images using predicted labels and 

forecasting the probabilities of the images that hold those 

labels.  The Fig: 6 displays the fabric fault with the accuracy 

percentage. The fabric fault accuracy for ‘Wrong End’ is 

99.8%, ‘Slought-off’ is 100%, ‘Stain’ is 100% and 

‘Missing-Picks’ is 100% 

 

 
Figure 6: Fabric Fault Detection with Predicted Label 

and Forecasting Percentage 

B.AlexNet: 

AlexNet was proposed by Alex Krizhevsky, Ilya Sutskever, 

and Geoffrey Hinton in 2012. AlexNet is extremely large 

than LeNet. This architecture comprises of eight layers: Five 

convolutional layers and three fully connected layers. Two 

new concepts i) Maxpooling and ii) ReLU activation is 

introduced in this architecture [15]. The input RGB images 

for AlexNet is of the size 227 X 227 X 3. The convolutional 

layers use 11 X 11 filters with a stride of 4 and the 

maxpooling uses 3 X 3 filters with a stride of 2.  

 

 

Figure 7: AlexNet Architecture [16] 

Steps in the Classification of Fabric Fault Image using 

AlexNet 

i) Image Loading: Unzip 204 images and load as a new set 

of data. The MATLAB function “splitEachLabel’ divides 

70% of the images for training and remaining 30% for 

validate [17].  

ii) Loading AlexNet: In this second step, load the AlexNet 

pretrained network. It will display the information of the 

network layer. Fig.8 display work flow of AlexNet and 

exhibit weight, bias, stride and padding used in 

convolutional, ReLU, max pooling layers. 

 
Figure 8: AlexNetNetwork Architecture and Layer 

Information 

iii) Substitution of the Final Layers: The third step 

involves the substitution of the three layers with fully 

connected layers that include Classification output layer and 

softmax layer.  

iv) Training Network: The MATLAB function 

‘trainNetwork(imds,layers,options)’ is used for image 

classification. The imds - accumulate the input images, 

layers - specify network architecture, options - 

“InitialLearnRate, MiniBatchsize, InitialLearnRate, 

MaxEpochs, ValidationData, ValidationFrequency, Plots, 

Training-progress” are applied to identify the fabric defect. 

Fig.9 shows the accuracy plot for AlexNet with options 

value. 

 

 

Figure 9: AlexNet Training Progress 
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v) Image Classification: In this step, the classification is 

done by using validation images and accuracy is also 

calculated. Fig.10 shows validation images along with 

predicted labels and prediction probability.  

 
Figure 10: Fault Identification using AlexNet 

IV. EXPERIMENTAL RESULTS AND 

DISCUSSION 

GoogleNet and AlexNet network are trained using 

MATLAB R2018b with a GPU system with the following 

specifications. Processor: Intel ® Core™ i7-8700 CPU 

@3.2GHZ and Graphics Card: NVIDIA GeForce GTX 1060 

6GB.Various parameters are considered to compare the 

performance of GoogleNet and AlexNet. Table 1: presents 

the mathematical values to compare both the networks.  

Table 1: Comparative Analysis on GoogleNet and AlexNet 

architecture for Fabric Defect Detection 

Network 

Type 

Parameters 

Time 

Accurac

y Layers Dropout 

Initial 

Learnin

g Rate 

Scale 

Range 

GoogleNe
t 33 Sec 100% 22 0.4 0.03 10% 

AlexNet 54 Sec 90% 8 0.5 0.01 NIL 

GoogleNet identifies the fabric defect in 33 seconds with 

100% accuracy for 204 images, whereas AlexNet takes 54 

seconds with less accuracy of 90% for the same number of 

images. The dropout value for AlexNet is 0.5 which 

increases the training time of the network. If the Initial 

Learning Rate factor is greater than 0.01 then the network 

needs lesser time to train the images. The Initial Learning 

Rate for AlexNet is 0.01 and so it takes longer time to train 

the network when compared to GoogleNet. GoogleNet has 

22 layers which increases the accuracy but it can increase 

the overfitting problem. The overfitting problem can be 

overwhelmed by data augmentation. The data augmentation 

includes ScaleRange which flips the images vertically and 

randomly transform it to 30 pixels and it scale them likely to 

10% both horizontally and vertically. The parameters 

‘Dropout’ and ‘Initial Learning Rate’ increases the training 

time and likewise ‘Number of layers’ and ‘ScaleRange’ 

increases the accuracy of the GoogleNet. 
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                                              [e] 

Figure 11: Comparative Plots for GoogleNet VS AlexNet - 

[a] Training Time, [b] Validation Accuracy, [c] Number of 

Layers, [d] Dropout Values, [e] Initial Learning rate. 

Table 2: Fabric Defect Detection Using GoolgeNet, AlexNet 

and Predicition Probability 

S

.

N

o 

Image Name Original 

Image 

GoogLeNet AlexNet GoogleN

et 

Predictio

n 

Probabilit

y 

AlexN

et 

Predict

ion 

Probab

ility 

1

. 

Coarsepick 

   

98% 87% 

2 Creasesueded 

   

100% 90% 

3 Filling 

   

100% 91% 

4 Gknot 

   

100% 90% 

5 Burl 

   

98% 86% 

6 Burlmark 

   

99% 89% 

7 Jerkin 

   

100% 100% 

8 Needleline 

   

100% 90% 

9 Compactcreas

es 

   

98% 87% 

1

0 

Oilstain 

   

99% 87% 

The above Table 2 implies GoogLeNet is better than 

AlexNet in terms of performance. An inception module 

forms the network’s basic building block. The implication of 

this is that the inception module can do multiple 

convolutions with varying filter sizes while at the same time 

pooling in a single layer. As such, after training, the network 

automatically determines the type of layer to employ at any 

given time for achieving the best outcome instead one 

having to choose. In the case of AlexNet, the decision 

concerning the convolutions for each layer are made purely 

experimentally as there is no fixed pattern.    

GoogLeNet employs combinations of inception models with 

each involving some pooling, convolutions at varying scales, 

and concatenation operations. Its 1x1 feature convolutions 

also function like feature selectors. AlexNet lacks standard 

when it comes to the number of convolutions before max-

pooling, as well as the size of the filters used. The inception 

module used by GoogLeNet has smaller convolutions that 

enable a reduction in the number of parameters to four 

million only. GoogLeNet architecture covers greater death 

in parallel paths with various sizes of receptive fields while 

having a low rate of error. GoogLeNet is made up of 22 

layers in deep. This results in a substantial reduction in the 

number of parameters that drop from 60 million (associated 

with AlexNet) to four million. GoogLeNet uses a simple 

global average pooling in place of the layers that are fully-

connected layers at the end, which serves to average out the 

values of the channel across the 2D feature map following 

the last convolution layer. This also contributes to the drop 

in the number of parameters. The employment of a large 

network width and depth enables GoogLeNet to rid itself of 

the FC layers without compromising the accuracy. It 

achieves a top-5 accuracy and is faster than AlexNet or even 

VGG. The AlexNet is less efficient since 90% of its FC 

layers consist of parameters. 

V.CONCLUSION AND FUTURE ENHANCEMENT 

Evidently GoogLeNet performs better than AlexNet as a 

deep learning method for the detection of defects in fabric. 

Various authors have contributed to the subject of deep 

learning in detecting fabric faults as evidenced by the review 

of the existing body of literature. A primary basis for the 

support of CNN is that the traditional manual visual 

methods of inspecting fabric tend to be poor in precision and 

low on their efficiency in long-term industrial applications. 

GoogLeNet and AlexNet are some of the top deep learning 

methods employed in the defect detection process. While 

both do a great job in enabling this process, GoogLeNet’s 

performance outweighs that of AlexNet with respect to 

different parameters. The results of the experiments indicate 

that the former is better than the latter in terms of speed, 

accuracy, dropout, and the initial learning rate. As such, 

preference should be one GoogLeNet over AlexNet when 

faced with the choice of the best fabric defect detection deep 

learning method. In future, a hybrid convolutional neural 

network will be developed to identify the fabric fault in less 

amount time.  
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