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Abstract 
Deep convolutional neural networks have performed well on various vision tasks. In 
recent years, some methods have been proposed for texture classification using deep 
convolutional neural networks. Due to the lack of texture datasets, using deep learning 
methods on texture data is prone to overfitting. In response to this problem, this paper 
proposes a Noise-class data augmentation method. We use the pre-trained CartoonGAN 
to generate the cartoon image corresponding to the original image, and apply it to solve 
the problem that the Generative Adversarial Networks (GAN) is difficult to train due to 
lack of data. We conduct experiments on the FMD dataset and compare with four data 
augmentation methods. The experimental results show that the method proposed in this 
paper is effective. 
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1. Introduction 

The texture is a very important feature of the image surface, and it is also a feature that can best 
express the essence of the image [1]. Texture describes the local change trend of image pixel intensity 
and directionality, has the characteristics of periodicity, directionality, and regularity, and reflects the 
slowly changing or periodically changing surface structure and arrangement characteristics of the 
object surface. Texture plays an important supporting role in many problems in the field of computer 
vision and pattern recognition and has been widely used, such as visual navigation, scene 
classification, object recognition, face recognition, fine-grained image classification, intelligent video 
analysis, content-based Image, video retrieval, remote sensing image analysis, industrial inspection 
[2], and medical image analysis [3]. 

Since 2012, AlexNet [4] has shined in the ImageNet Large Scale Visual Recognition Challenge 
(ILSVRC) competition, and Deep Convolutional Neural Network (DCNN) has been widely used in 
image recognition tasks. A large number of texture classification methods based on convolutional 
neural networks have been proposed, such as the method proposed by the University of Oxford Visual 
Geometry Group using VGG [5] as a feature extractor and combined with Fisher vector [6], Chan et 
al. [7] Combining component analysis with neural networks proposed the PCA-Net method, Dong et 
al. [8] combined a neural network trained on a large dataset (such as ImageNet ) [9] as a feature 
extractor with traditional classifiers, Dong et al. [11] proposed Bilinear convolutional neural network 
methods [12] based on pairwise difference pooling, these methods have achieved good results on 
texture classification tasks. Although the use of DCNN has achieved good results on texture 
classification, there will be overfitting problems on some texture datasets. 

Using regularization methods is one of the main means to alleviate the overfitting problem. Data 
augmentation is a kind of regularization method. Common data augmentation methods include Cutout 
[13], Mixup [14], Cutmix [15], Gridmask [16], and hideandseek [17]. And these methods crop or mix 
the original image. In 2014, with the Generative Adversarial Network (GAN) proposed by 
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Goodfellow et al. [18], the use of GAN as a data augmentation method has been proposed in recent 
years. Antoniou et al. [19] improved on Conditional GAN (C-GAN) [20] and proposed DAGAN for 
data augmentation, and achieved good results on the EMINST dataset. However, it is difficult to 
generate effective data using GAN in the low-data state of texture datasets. 

We propose a data augmentation method using CartoonGAN [21] to generate the FMD cartoon 
dataset as a noise class. We added the cartoon data of FMD [22] to the training set as a separate 
category (the test set does not contain the cartoon dataset). We compared 4 data augmentation 
methods on 5 deep learning models. The experimental results show that the Noise-class data 
augmentation method outperforms or is at least comparable to the comparative data augmentation 
methods on the FMD dataset. 

The contributions of this paper can be summarised as follows.  

-We propose a Noise-class data augmentation method and use it in texture classification. The training 
set paired cartoon-style images are generated by using a pre-trained CartoonGAN and added to the 
training set as noise classes. 

-We conduct experiments on the FMD dataset, and we compare the data augmentation methods of 
Cutout, Gridmask, MIxup, and Cutmix. The experiments show that our proposed method is effective. 

2. Related Work 

2.1 Texture Classification 

We divide texture classification methods into two categories: methods based on traditional hand-
crafted descriptors [23] and methods using deep learning [24]. Traditional hand-crafted descriptor 
methods have the advantages of low computational cost and easy engineering implementation and 
have achieved good results on some texture datasets. However, these methods often have a poor 
generalization and poor performance on some complex texture datasets. As convolutional neural 
networks (CNN) have made great strides in computer vision tasks in recent years, many methods 
using CNNs for texture classification have been proposed. Dong et al. used a pre-trained 
convolutional neural network as a feature extractor and combined it with traditional classifiers [25] 
and achieved good classification results. Dong et al. [26] used pairwise difference pooling to replace 
the outer product in the original bilinear convolutional neural network approach. At the same time, a 
Block-wise PCA dimensionality reduction method is proposed to solve the problem that the feature 
dimension extracted by B-CNN is too high, and a bilinear convolutional neural network based on 
paired difference pooling is proposed. Although CNN has good generalization, due to the low-data 
state of texture datasets, overfitting problems often arise when using CNNs for texture classification 
tasks. 

2.2 Data Augmentation 

Data augmentation is a common regularization method for deep learning. DeVries et al. [13] proposed 
the Cutout method. Cutout has a similar idea to Dropout [27]. Unlike Dropout, which randomly 
occludes the features extracted by the network, Cutout directly occludes images randomly to facilitate 
the model to learn more from the image content. The random occlusion of the image by the Cutout 
method may cause the main part of the image to be occluded and cause the image to lose contextual 
information. In order to avoid the above situation, Chen et al. [16] proposed the Gridmask method, 
which uses a mask with the same resolution as the original image. Multiply with the original image 
to get an image, and discard the confidence that the image has a specific area by setting (x, y, r, d) 4 
parameters. Zhang et al. [14] proposed the Mixup method by aliasing two random images in a mini-
batch, adding the two images to the training set to achieve the effect of data expansion, and achieved 
in the field of image recognition. Yun et al. improved on the basis of the Mixup method. Different 
from the way of directly stacking two images in Mixup, Yun et al. [15] proposed CutMix by randomly 
cropping a part of an area in one image and directly covering it on another image. method. Figure 1 
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shows the original image in the glass class of the FMD dataset and its corresponding data 
augmentation images. 

 

Figure 1. Shows Cutout, Gridmask and Cutmix methods, image source FMD dataset glass class 

2.3 Generative Adversarial Networks 

.  

Figure 2. Generating the Brodatz dataset using DCGAN 

 

In 2014, Goodfellow et al. [18] proposed GAN and successfully generated data in the MNIST dataset. 
GAN cannot generate corresponding images according to categories. For this problem, Mirza et al. 
improved on the basis of GAN. By adding additional information y to both the generator and the 
discriminator, the model can generate images of specific categories. Antoniou et al. [19] improved 
on Conditional GAN (C-GAN) [20] and proposed DAGAN for data augmentation, and achieved good 
results on the EMINST dataset. GAN has achieved great success in the field of image generation. 
However, when using GAN for data augmentation of texture datasets, it is difficult for us to generate 
effective images on some datasets due to the low-data state. Even if data can be generated, it is 
difficult for us to classify and use the generated images. Figure 2. shows Generating the Brodatz 
dataset using DCGAN [28], and we can see that it is difficult to classify the generated images. 
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3. Method 

We propose a Noise-class data augmentation method and conduct experiments on the FMD [22] 
dataset. We generate a cartoon dataset of one-to-one paired FMD by using CartoonGAN [21] and add 
the cartoon dataset to the training set as data augmentation. In order to avoid the paired datasets in 
the training set from appearing in the validation set (the stylized image paired with the original image 
in the training set and the original image is in the validation set, or the stylized image with the original 
image paired in the validation set and the original image is in the training set). We did not adopt a 
strategy of directly mixing the two datasets and randomly splitting the training and validation sets. 
Instead, the original FMD dataset is randomly divided into the training set and validation set, and 
then the cartoon images paired one-to-one in the training set are added to the training set, and the two 
are combined into a new training set. We experiment with two methods of merging the generated 
datasets: the first is to combine the original image with its paired generated images as the same class; 
the second is to add all matching generated images to the dataset as a new class. 

3.1 Cartoon Image Data Augmentation 

 
Figure 3. Generate style image as same class as original image 

 

Figure 3 shows the data augmentation method using cartoon-style images as the same category in the 
original images. To avoid paired cartoon-style images from the training set in the validation set. We 
first randomly split the original FMD dataset into training and validation sets, and then use the pre-
trained CartoonGAN to generate cartoon-style images for the training set. Finally, we merge the 
original images in the training set with the generated style images in the same category into a new 
training set.  

3.2 Noise Class Data Augmentation 

Figure 4 shows a cartoon-style image as a noise-class data augmentation method. To avoid paired 
cartoon-style images from the training set in the validation set. We first randomly split the original 
FMD dataset into training and validation sets, and then use the pre-trained CartoonGAN to generate 
cartoon-style images for the training set. We add the cartoon data of FMD 错误!未找到引用源。 as 
a separate category to the training set (the validation set does not contain the cartoon dataset) so that 
the deep convolutional neural network model can learn more details and texture differences in the 
images so that the model can extract more texture information from the image. 
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Figure 4. Use GartoonGAN generated images as noise class 

 

 
Figure 5. 8 images randomly selected from the FMD dataset and their paired cartoon-style images 

 

Figure 5 shows a cartoon-style image paired with 8 randomly selected images in the FMD [22] dataset. 
The cartoon FMD dataset is directly generated in the pre-trained CartoonGAN [21] model using the 
FMD dataset. The cartoon FMD image is a highly abstract and simplified version of the image in the 
FMD dataset. Cartoon images are different from each artist's artwork in their own style, they generally 
have a similar appearance to the original image, such as relatively simple texture and clear image 
edges, cartoon images highlight the semantic information of the image, and simplify the texture 
information of some details. Through experiments, we found that, when we use the above first scheme 
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for data expansion discovery, this dataset augmentation strategy can not improve the performance of 
the model, but will reduce the classification accuracy of the model on the FMD texture dataset. After 
analysis, it may be because the cartoon image and the corresponding initial image are added to the 
same category. This is just to group two simple similar images into one category, which is equivalent 
to a "simple copy" of the initial image. At this time, when using the deep learning model for 
classification, the difference in texture features between the two images will be ignored. When we 
use the above-mentioned second scheme for data augmentation, we found that the deep convolutional 
neural network model can learn more differences in the detailed texture of the image, so that the 
model can extract more texture information of the image and improve the model classification 
performance on the texture dataset. Since the first dataset merging strategy cannot effectively improve 
the classification accuracy of the model, we adopt the second method to add all matched generated 
images as a new noise class to the original training set as the data augmentation method in this paper. 

4. Experimental Result and Analysis 

4.1 Experimental Model and Hyperparameter Settings 

In this paper, the data augmentation method for noise class is implemented in the Paddlepaddle deep 
learning framework. Experiments are performed on DenseNet121 [29], MixNet-S [30], ResNet50 
[31], RepVGG-A1 [32], and RegNet [33], respectively. All models were trained from scratch for 120 
epochs. The stochastic gradient descent (SGD) algorithm was used as an optimizer with a momentum 
of 0.9 during training, and the training mini-batch size was 32. , the initial learning rate is set to 0.01, 
and the learning rate decay method uses cosine decay. The hardware used in the experiments is a 
single Tesla V100 GPU. 

4.2 Data Pre-processing and Datasets 

 
Figure 6. FMD dataset 

 

In the noise class data augmentation method we only use the FMD [22] dataset, and the FMD cartoon 
dataset (as shown in Figure 7) generated using CartoonGan [21]. 

The data pre-processing follows standard practices and uses random cropping for data augmentation 
while cropping the image to 224×224 pixels, and then normalize the data. On the five texture datasets, 
70% of the data are randomly selected for training images and the other 30% for testing. 
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Figure 7. FMD cartoon dataset 

4.3 Noise Class Data Augmentation Experiment and Analysis 

To verify the effectiveness of our proposed method for noise class data augmentation, we apply the 
method to ResNet50 [31], DenseNet121 [29], MixNet-S [30], RepVGG-A1 [32], and RegNet [33]. 
The experiments use the hyperparameter configuration in Section 4.1 to compare the average 
classification accuracy on the FMD [22] dataset. 

 

Table 1. The accuracy(%) of five models using noise class data augmentation algorithm 

 ResNet50 DenseNet121 MixNet-S RepVGGA1 RegNet 

Non Augm 42.86 49.01 47.03 45.55 44.12 

Ours 47.25 51.89 49.05 47.10 44.51 

 

Table 1 shows the classification accuracy of ResNet50 [31], DenseNet121 [29], MixNet-S [30], 
RepVGG-A1 [32], and RegNet [33] on the FMD dataset. The second row of Table 1 indicates that 
the data augmentation method is not used during model training, and the third row of Table 6 indicates 
that the model uses noise class data augmentation methods during training. As can be seen from Table 
1, after all network models use the Noise-class data augmentation method during training, the 
classification accuracy on the FMD texture dataset has been improved, and the classification accuracy 
on the ResNet50 models has increased by more than 4%. The results show that the data augmentation 
method proposed in this paper is effective. 

To further verify the effectiveness of the Noise-class data augmentation method proposed in this 
paper. We use ResNet50 [31], DenseNet121 [29], MixNet-S [30], RepVGG-A1 [32], and RegNet [33] 
are tested on the FMD dataset, and each model compares four data augmentation methods. The four 
data augmentation methods are Cutout [13], Gridmask [16], Mixup [14], and Cutmix [15]. 

Table 2 shows the classification accuracy of the four data augmentation methods and the Noise-class 
data augmentation method proposed in this paper on the FMD dataset. From the experimental results 
in Table 2, it can be seen that the method proposed in this paper achieves the best classification results 
compared with the other four data augmentation methods on the ResNet50, MixNet, RepVGG-A1, 
and DenseNet121 models. Our proposed Noise-class data augmentation method also achieves the 
average level of the four methods on the RegNet model. The results show that the data augmentation 
method proposed in this paper is effective on the FMD texture dataset, and is better than or at least 
comparable to some current data augmentation methods. 
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Figure 2. The accuracy(%) using five data augmentation algorithms on five deep learning models 

 ResNet50 DenseNet121 MixNet-S RepVGGA1 RegNet 

Cutout 43.25 48.54 48.55 45.65 45.05 

Gridmask 43.25 47.05 46.51 44.68 45.05 

Mixup 46.25 47.75 49.05 44.55 44.01 

Cutmix 45.25 51.01 47.55 46.25 44.51 

Ours 47.25 51.89 49.05 47.10 44.51 

5. Conclusion 

This paper proposes a data augmentation method using CartoonGAN to generate FMD cartoon 
datasets as noise classes. We add the cartoon data of FMD as a separate category to the training set 
(there is no cartoon dataset in the test set). We compare 4 data augmentation methods in 5 deep 
learning models, and the experimental results show that the method proposed in this paper 
outperforms other data augmentation methods or is at least comparable to other data augmentation 
methods on the FMD dataset. 
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