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Abstract: Historically, yarn-dyed plaid fabrics (YDPFs) have enjoyed enduring popularity with many rich plaid patterns, but production data are still classified and searched only according to production parameters. The process does not satisfy the visual needs of sample order production, fabric design, and stock management. This study produced an image dataset for YDPFs, collected from 10,661 fabric samples. The authors believe that the dataset will have significant utility in further research into YDPFs. Convolutional neural networks, such as VGG, ResNet, and DenseNet, with different hyperparameter groups, seemed the most promising tools for the study. This paper reports on the authors’ exhaustive evaluation of the YDPF dataset. With an overall accuracy of 88.78%, CNNs proved to be effective in YDPF image classification. This was true even for the low accuracy of Windowpane fabrics, which often mistakenly includes the Prince of Wales pattern. Image classification of traditional patterns is also improved by utilizing the strip pooling model to extract local detail features and horizontal and vertical directions. The strip pooling model characterizes the horizontal and vertical crisscross patterns of YDPFs with considerable success. The proposed method using the strip pooling model (SPM) improves the classification performance on the YDPF dataset by 2.64% for ResNet18, by 3.66% for VGG16, and by 3.54% for DenseNet121. The results reveal that the SPM significantly improves YDPF classification accuracy and reduces the error rate of Windowpane patterns as well.

Keywords: Yarn-dyed plaid fabric; image classification; image dataset; deep neural network; strip pooling model



1  Introduction

With rich visual aesthetic characteristics, yarn-dyed plaid fabric (YDPF), interwoven with colored yarns horizontally and vertically, has increasingly attracted consumers’ attention. Statistically, hundreds of millions of meters of YDPF are produced worldwide annually, including different plaid types. Historical mass-production data have been accumulated for textile production over the years and are useful for sample order production and textile product design. For example, factories often receive samples from customers that can be efficiently reproduced by visually comparing them with the same or similar products of the past. These abundant plaid patterns also inspire textile product designers.

Currently, the parameters of textile samples are analyzed by engineers, but this is inefficient. Historical production data are classified and searched only according to production parameters, such as warp and weft density, yarn count, structure, and finishing process. This process cannot manage any information for plaid fabrics and cannot satisfy the visual needs of sample order production, fabric design, or stock management. Image classification techniques solve this restriction by learning and extracting image features, expressing them abstractly, and then providing the results. Extracting these features more effectively is an intense research topic in image classification and the subject of this paper.

Features are usually obtained through manual extractors and include the underlying visual features, such as color, texture, and shape. They also determine locally invariant features such as the direction gradient histogram or HOG [1], the scale-invariant feature transform, SIFT [2], and the local binary pattern, LBP [3]. Next, a support vector machine [4], random forest [5], K nearest neighbor [6], or other classifier determines the category that the image belongs to. This approach has achieved some success, but methods based on low-level features have obvious limitations because they heavily rely on traditional feature extraction technology. There is a significant difference between these low-level features and the high-level semantic features now needed.

Recently, deep neural networks (DNNs) have shown notable accuracy in describing visual features. They can identify complex features approaching human visual perception. The target image is presented directly to the DNN; then, sets of convolution and pooling are performed. Convolutional filtering reduces the number of connections, and the speed of network training is improved. In addition, the higher-level features can be captured from the image data. This method effectively avoids the dependence on feature extraction algorithms used in traditional machine learning techniques. The LeNet model [7], developed in 1994 by He et al., achieved notable results on the MNIST [8]. However, due to limited computing power, its organization and depth were primitive. In 2012, the AlexNet model of Hinton et al. [9] adopted the ReLU [10] activation function and dropout operation, which speed up the gradient descent method, but the computational limitations had not changed. The VGGNet model of Simonyan et al. [11] improved upon AlexNet and attempted to determine how deep the learning network can be. Their study found this to range from 7 to 16 layers. The ResNet model [7] proposed in 2015 had a residual structure that allowed a neural network to reach over 1000 layers, a true milestone; DenseNet, a model [12] that used densely connected modules for better results, was proposed in 2017, but it also had an excessive memory footprint. This paper describes the three most promising convolutional neural networks (CNNs): VGG, ResNet, and DenseNet.

Much recent research has focused on applying CNNs to classification in different fields. Applying a CNN to lung cytological images, Atsushi Teramoto automatically classified the malignant and benign cells. His results had a classification sensitivity of 89.3% and a specificity of 83.3%, which reaches the cytopathologist level [13]. Zarie developed a DNN for classifying froth images with results that demonstrated the CNNs’ potential for analyzing froth images [14]. Anabel Gómez-Ríos introduced CNNs to coral texture image classification, which had excellent accuracy [15]. Previous research has also been conducted on textile and garment classification using CNNs. CNNs classified the grayscale fiber images into seven types of shapes of fibers [16]. Based on the integrated CNN model, a visual long short-term memory was proposed by Zhao et al. [17] to classify yarn-dyed fabric defects. Xiang et al. [18] proposed a novel approach for fabric image retrieval based on multi-task learning and deep hashing.

However, there has been no research on the classification of YDPFs yet or the use of CNNs. This paper introduces the latest CNN image classification technology for YDPF image classification and describes the performance of this approach. CNNs are shown to be effective for YDPF image classification. The challenging Windowpane pattern was easily separated into the Prince of Wales pattern, showing how traditional CNNs are improved by adding the strip pooling model (SPM) [19]. This technique can extract the local details of horizontal and vertical features needed to identify the horizontal and vertical crisscross pattern. Using the SPM improves the performance of ResNet18 by 2.64%, VGG16 by 3.66%, and DenseNet1213 by 54% on the YDPF dataset, revealing that strip pooling improves YDPF classification accuracy and reduces the error rate of the Windowpane patterns effectively.

The remainder of this paper is organized as follows, Section 2 introduces the CNN classification models, CNN optimization techniques, and the SPM in related works. The dataset for the YDPF images is proposed in Section 3. Section 4 describes the framework of a DNN with SPM for YDPF image classification. Then, the experiment and results are provided in Section 5. The conclusions are given in Section 6.

2  Related Works

2.1 CNN Classification Models

Three of the most promising CNN models, VGG, ResNet, and DenseNet, are considered to classify YDPF images. Brief introductions of the CNNs are given in this section.

2.1.1 VGG

The Visual Geoffrey Group from Oxford University in 2014 applied a 3 × 3 convolution kernel and 2 × 2 maximum pooling to the VGG network and proved that several small 3 × 3 filter convolution layers were better than a single 5 × 5 or 7 × 7 layer. Deepening the VGG network improved performance, but the increase in computing resource consumption and parameters led to increased memory usage.

2.1.2 ResNet

To solve vanishing or exploding gradients, ResNet uses residual mapping and adds connections between layers [7]. Repeatedly used in the network, one particular building block plays a significant role, and the number of these building blocks decides the network depth. A 3 × 3 convolution layer followed by another 3 × 3 convolution layer comprises the building block for 152 layers, and the connection is joined from the first convolution input to the second one. The ResNet structure accelerated the training of the DNN tremendously and increased the model's accuracy greatly.

2.1.3 Densenet

With the skip connection, the Dense Convolutional Network allows each layer to accept the outputs of all the preceding layers. The L layer has L connections in the usual convolution structure, while DenseNet has L(L-1)/2 connections. Unlike the ResNet block, the connections in the Dense block incorporate the previous layers’ outputs, which are added to the following layers before computation. The number of Dense blocks decides the network depth, like ResNet. DenseNet alleviates gradient disappearance, strengthens feature propagation, encourages feature reuse, and reduces computation.

2.2 CNN Optimization Techniques

Massive training data are required to detect potential patterns in deep learning. Large, high-quality datasets are difficult to build because of the complexity and high cost of the data collection; so, insufficient training data are usually a troublesome problem in deep learning. This paper shows two optimization techniques with transfer learning and data augmentation to overcome these difficulties.

2.2.1 Transfer Learning

We define a domain and a task. A domain can be expressed as D = {χ, P (X)}. It contains two parts: the feature space χ and the marginal probability distribution P(X), X = {x1,…,xn} ∈ χ. A task can be represented as T = {y, f(x)}. It consists of a label space y and a target prediction function f(x). The f(x) can also be regarded as a conditional probability function P(y|x). Thus, transfer learning can be formally defined as a given target domain (Dt)-based learning task Tt; it can be helped by the source domain (Ds) of the learning task Ts. Transfer learning aims to improve the performance of the predictive function fT(⋅) by discovering and migrating the potentially transferable knowledge of Ds and Ts for the learning task Tt, where Ds is not equal to Dt and T is not equal to Tt. In most cases, the scale of Ds is much larger than that of Dt, Ns≫Nt, such as that of the massive common objects dataset, ImageNet [20].

2.2.2 Data Augmentation

Through data augmentation, several distortions of the original images were applied to artificially increase the volume of the training dataset, such as changing the brightness, scaling or zooming, rotating, and vertical or horizontal mirroring. Not altering the spatial pattern of target classes, the distortions are usually performed during the training time, which allows the process to occur without saving the new images.

2.3 Strip Pooling Model

By sampling, pooling selects a method to reduce the dimensionality and compress the space needed for the input feature map and thus speeds up computations. General pooling includes average pooling and maximum pooling. The SPM is used to extract local detail features along the horizontal or vertical directions of the YDPFs to achieve a better classification effect.

Mathematically, the two-dimensional input tensor is x∈RH×W, and the pooling window is (H,1) or (1,W). Unlike two dimensional (2D) mean pooling, all row or column eigenvalues are averaged in the SPM.

After horizontal strip pooling, the output in the horizontal direction is yh∈RH. The horizontal strip pooling formula is

yih=1W∑0≤j≤W⁡xi,j.(1)


After vertical strip pooling, the output in the vertical direction is yv∈RW. The vertical strip pooling formula is

yjv=1H∑0≤i≤H⁡xi,j.(2)

Unlike traditional pooling, the SPM with a narrow, long core easily establishes remote dependencies between the area of discrete distribution and the strip shape's encoding area. In addition, the SPM's narrow core shape in other dimensions can capture local details.

3  Image Dataset

3.1 Image Capture and Preprocessing

There have been no public datasets for the YDPF image classification. In this paper, the YDPF dataset is created from data obtained from the Jiangsu Sunshine Group and Jiangsu Lianfa Textile Group. The potential value of YDPF image classification for sample order production, fabric design, and stock management is considerable. There are 10,661 fabric samples in the YDPF dataset.

We used the Canon 9000F Mark II scanner to capture YDPF images in the RGB mode. The white LED of the scanner guarantees a stable capture environment. The resolution has an important influence on the quality of the captured image and the number of capture calculations; the scanner's resolution was set to 200 dpi.

3.2 Image Labeling

The quality of image labeling has a considerable influence on the accuracy of classification. Usually, the yarn-dyed plaid is divided into five types: windowpane, color block, college, Prince of Wales, and houndstooth. The classifications developed over the history of plaid fabrics through the efforts of fabric design engineers and subject-matter experts. These five types include 95% of all YDPFs. This paper reports on the screening and labeling of 10,661 collected images by five experts with extensive experience in the field. Images other than YDPFs were removed, and the remainder were classified into five types. The labeling process includes task distribution, task recovery, and result optimization. A program was used to obtain most of the labeling results from the five experts after result optimization. Examples of the five types of YDPF are shown in Fig. 1. Table 1 presents the number of images used for each of the five types.
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Figure 1: The examples of five types of YDPF (a) Windowpane (b) Color block (c) College (d) Prince of wales (e) Houndstooth

The characteristics of the five types of YDPF are as follows:

Windowpane fabric is woven in two parallel lines across the horizontal and the vertical to
 
form a large grid like a divided window frame.

Color block fabric is based on two or three colors, and the thicknesses of the horizontal and

vertical stripes usually equal or nearly equal in width and separation.

College pattern is formed by the combination of color blocks and lines.

Prince of Wales indicates a particular cross square.

Houndstooth, also known as dog's teeth, is woven by the arrangement of fine patterns.
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4  Deep Neural Network with Strip Pooling Model for YDPF Image Classification

Section 4.1 describes the proposed DNN framework with strip pooling for YDPF image classification. The details of two optimization techniques with transfer learning and data augmentation are provided in Sections 4.2 and 4.3, respectively.

4.1 The Proposed Framework

We first built DNNs specifically for classifying YDPF images. Given the horizontal and vertical crisscross of the YDPF pattern, an SPM was added to the standard CNN to extract the horizontal and vertical local detail features to improve classification.

4.1.1 Strip Pooling Module for YDPF Image Classification

Unlike conventional spatial pooling, the strip pooling layer extracts the local detail features along the horizontal or vertical directions in the YDPF image more easily, establishing remote dependencies between the area of discrete distribution and the strip shape's encoding area due to its long, narrow core shape. The schematic diagram of the SPM for YDPF image classification is shown in Fig. 2.
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Figure 2: The schematic diagram of the strip pooling module

The details of the strip pooling module for YDPF image classification are as follows. If x is the input: x∈RC×H×W, where c is the number of channels, then x will first be input along two parallel paths. Each path contains a horizontal or vertical strip pooling layer, followed by a one-dimensional convolution layer with a core size of 3 for modulating the current location and its adjacent features. Suppose yh∈RC×H and yv∈RC×W; then, y∈RC×H×Wcan be expressed as

yc,i,j=yc,ih+yc,jv(3)

The final output is

z=Scale(x,σ(f(y))),(4)


where Scale(⋅,⋅) indicates that elements are multiplied by bits, σ represents the sigmoid function, and f represents the 1×1 convolution.

Compared to attention-based modules, much computing power is required to establish a relationship between each pair of locations. A lightly weighted SPM can be easily embedded into any building block to capture remote spatial dependencies and leverage interchannel dependencies.

4.1.2 Deep Neural Network with Strip Pooling for YDPF Image Classification

This study added an SPM to the CNN networks for YDPF image classification to improve performance.

The strip pooling layer is the optimization layer that enhances feature representation. Specifically, the corresponding averaging operation is applied to each row and column of the previous layer's feature map input to fuse the horizontal features for each row and the vertical features for each column. Small convolution and normalization operations adjust the averaging of each row and column to obtain better back-propagation training. Then, the adjusted averaging of each row and column is extended in two dimensions, copying multiple rows to the same size with the original feature map and copying multiple columns to the same size with the original feature map. The two extension feature maps are then added to find the global features. After a ReLU activation, the obtained feature map is sent to the sigmoid function to obtain the probability; the higher the probability, the more prominent the feature. This probability is multiplied by the original feature map, and the output feature map would more likely determine long, narrow features. The improved architecture is shown in Fig. 3.
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Figure 3: The schematic diagram of a deep neural network with SPM Note: Class A, Class B, Class C, Class D, and Class E correspond to the windowpane, color block, college, Prince of Wales, and houndstooth patterns, respectively. SPM is the strip pooling model.

4.2 Transfer Learning

In this paper, we use transfer learning on the small YDPF dataset. The CNNs were initialized using the pretrained weights of the networks on ImageNet.

The last fully connected layer, which classified the images into ImageNet classes, was removed in each network; then, two FC layers were added to each model. The ReLu layer followed the first fully connected layer; then, the softmax layer followed the second fully connected layer with five neurons (the classes in the YDPF dataset). We trained only the last two FC layers; we froze the other layers.

4.3 Dataset Augmentation

From the previous labeling result, the YDPF image dataset became too small to achieve good generalization for CNN-based models. An imbalance also existed between the categories within the dataset, but it could be overcome by data augmentation. With random zoom, rotation, shift, and horizontal flip, each category is expanded to 3500 pieces for the YDPF image dataset.

5  Experiments and Results

Since there was no research on classifying YDPF images using CNNs, we needed to build a CNN structure for yarn-dyed plaid image classification first. The software and hardware details of the experiment and the evaluation metric are given in Section 5.1. With different hyperparameter groups, the most promising CNNs, VGG, ResNet, and DenseNet, are described in detail in Section 5.2. In Section 5.3, the effectiveness of the proposed method with SPM is compared with the original network without SPM.

5.1 Implementation Details

5.1.1 Software and Hardware

We implemented all the experiments in Python with the Tensorflow 1.13 package on a computer with an Intel i9 9300 K CPU, an NVIDIA RTX TITAN GPU, 32 Gb memory, and the Ubuntu 18.01 OS.

5.1.2 Evaluation Metric

This paper employs accuracy to evaluate the classification of YDPF images. The values ranged from [0,1]. The higher values of this coefficient mean that the classification by the model is highly accurate. Accuracy was defined as the ratio of the number of correct decisions to the total number of decisions. The number of correct decisions was (TP + TN), and the total number of decisions was (TP + TN + FP + FN); so, we have

Accuracy=TP+TNTP+TN+FP+FN(5)


where TP is the true positive, in which the positive example is correctly judged. FP refers to the false positive, in which the positive example is incorrectly judged. TN refers to the true negative, in which a negative example is correctly judged, and FN refers to the false negative, in which a negative example is incorrectly judged.

5.2 Classification of the YDPF Images with the Most Promising CNNs

The most promising CNNs, VGG, ResNet, and DenseNet, were evaluated using the YDPF dataset discussed in this subsection. The paper presents the results of the analysis to find the optimal networks for YDPF image classification.

Specifically, we considered different network depths for VGG with 11 and 16 layers, ResNet with 18 and 152 layers, and DenseNet with 121 and 169 layers; so, six CNN models (VGG11, VGG16, ResNet-18, ResNet-152, DenseNet-121, and DenseNet-169) were evaluated. Learning models were trained with the labeled data from the YDPF dataset. We distributed 80% of the data as the training set for each learning model, leaving 20% of the data as the testing set for testing. By the model pretrained on ImageNet, transfer learning was used to initialize the previous convolutional layer. A batch size of 16, 32, 64, and 128 and a learning rate of 0.00005 and 0.0001 were used for the six CNNs. We used the Adam optimizer. For each group of parameters, three experiments were conducted to obtain the average value. Table 2 presents the accuracies obtained by VGG11, VGG16, ResNet-18, ResNet-152, DenseNet-121, and DenseNet-169 with the best hyperparameters on the YDPF dataset; the best results are shown in bold. The hyperparameters for each best performing CNN are presented in Table 3.
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As shown in Table 2, ResNet-18 outperforms the other CNN models with an accuracy of 90.90%, a 4.82% improvement over VGG11, which has a poorer performance of 86.08%. VGG16 and DenseNet 121 achieve comparable accuracies, and they outperform VGG11 by more than 3%. The results also show that ResNet-18, a simple network, had better results than ResNet-152 or DenseNet-169 with more complex networks on the YDPF dataset. With an overall accuracy of 88.78%, it is proved that CNNs can be effective in YDPF image classification tasks.

As shown in Table 3, the CNNs had similar execution times for the training. The hyperparameter groups’ results show that smaller batch sizes, more network depth, and larger epoch numbers require longer execution times. In addition, with the same hyperparameters, DenseNet169 with a complex network takes a little more time. The optimal VGG, ResNet, and DenseNet for the YDPF image classification are VGG16 with learning rate 0.00005 and Batchsize16, ResNet18 with Batchsize 16 and learning rate 0.0001, and DenseNet121 with Batchsize16 and learning rate 0.00005, respectively. Table 4 presents the accuracy of each class (windowpane, color block, college, Prince of Wales, and houndstooth) from the optimal networks.
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Table 4 shows that, although the overall accuracy was higher, the windowpane accuracy was low, with 81.21% for ResNet18%, 80.26% for VGG16%, and 80.01% for DenseNet121. From an analysis of the misclassified images, we found that windowpane was always incorrectly classified as Prince of Wales, which might be due to the local detail features of windowpane and Prince of Wales not being fully learned. The networks need to be improved to enhance the local detail extraction.

5.3 Classification of the YDPF Images with SPM

‘Yarn-dyed plaid’ refers to a fabric of colored yarns interwoven horizontally and vertically, such as windowpane, color block, college, Prince of Wales, and houndstooth. For this visual feature, SPM, which performs pooling horizontally or vertically, is added to the CNNs to extract the corresponding local detail features of the YDPF image successfully.

Unlike the pooling of two-dimensional averages, strip pooling averages all eigenvalues in the horizontal or vertical directions, considering them as narrow or long range, rather than applying them to the entire feature graph, thus avoiding making the most unnecessary distant connections. Considerable computation is required to establish relationships for each pair of locations in attention-based modules. However, a lightly weighted SPM can be easily embedded into the building block to promote the ability to capture the dependencies.

This paper adds an SPM to the three earlier optimized CNNs (ResNet18, VGG16, and DenseNet121) for superior performance in YDPF image classification. Tables 5–7 present the detailed configurations of each deep neural network with SPM for YDPF image classification.
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The results of the proposed method with an SPM on ResNet18, VGG16, and DenseNet121 are presented in Table 8. The best results are in bold.

From Table 8, it can be seen that our proposed method with an SPM improves performance by 2.64% for ResNet18, by 3.66% for VGG16, and by 3.54% for DenseNet121 on the YDPF dataset over the previous original optimized CNNs. This result reveals that an SPM improves YDPF classification accuracy. Moreover, ResNet18 still performs best with an accuracy of 93.54%, while VGG16 and DenseNet121 are slightly weaker. Furthermore, the SPM has the most noticeable improvement for VGG16, with a 3.66% promotion.
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Meanwhile, the accuracy of each class (windowpane, color block, college, Prince of Wales, and houndstooth) from the proposed networks with strip pooling is shown in Table 9.
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Compared the results of the five classes for the YDPF image in Tables 4 and 9, with our proposed networks with an SPM, the windowpane accuracy was improved by 2.84% for ResNet18 from 81.21% to 84.05%, by 8.59% for VGG16 from 80.26% to 88.85%, and by 5.05% for DenseNet121 from 80.01% to 85.06%. This result demonstrates the effectiveness of an SPM in extracting local detail features along the horizontal or vertical directions. Note that the accuracy of windowpanes was greatly improved on VGG16.

6  Conclusions

Currently, the classification and search of historical production data for YDPFs do not satisfy the visual needs of sample order production, fabric design, and stock management, which can be solved by image classification. However, there is no research on the classification of YDPFs, a YDPF image dataset, or the use of convolutional neural networks.

This study collected 10,661 fabric samples to create a YDPF image dataset, which has significant potential for related research on YDPF, using the five plaid types of windowpane, color block, college, Prince of Wales, and houndstooth. With an overall accuracy of 88.78%, CNNs proved effective in YDPF image classification. ResNet-18 outperforms the rest of the CNN models with an accuracy of 90.90%. Even for the low-accuracy windowpane pattern, traditional CNNs were also improved by adding an SPM to extract the local horizontal or vertical detail features of the YDPFs. Compared with the CNNs without an SPM, the improvement was noted: 2.64% for ResNet18%, 3.66% for VGG16%, and 3.54% for DenseNet121. The proposed CNNs with an SPM achieved a better classification effect. Windowpane accuracy also greatly improved, by 2.84% for ResNet18, by 8.59% for VGG16, and by 5.05% for DenseNet121, which further proves the effectiveness of the SPM for YDPF image classification.
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Table 1: Number of images for the YDPF patterns

Type No. of images
Windowpane 1,975

Color block 3.062

College 2,625

Prince of wales 2416
Houndstooth 583

Total 10,661
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Table 3: Hyperparameters for each best performing CNN

VGGl1
16

40

7.64
0.00005

VGG16
16

40

8.31
0.00005

ResNet18
16

100

8.90
0.0001

ResNet152
32

100

10.54
0.0001

Densenet121
16

100

9.60
0.00005

Densenet169

16

100
10.95
0.00005
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able 8: Results of the classification of the YDPF images with SPM on ResNetl8, VGG16, and
denseNet121
Method ResNet18 VGG16 Densenet121

Original 90.90 89.20 89.27
Ours 93.54 92.86 92.81
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Table 6: The detailed configurations of VGG16

Layer name

Convl
Conv2
Max_pooll
SPBI1
Conv3
Conv4
Max_pool2
SPB2
Convs
Conv6
Conv7
Max_pool3
SPB3
Conv8
Conv9
Convl10
Max_pool4
SPB4
Convll
Convl2
Convl3
Max_pool5
SPB3
Full_cl
Full_¢2
Full_c3

Input size
224%224*3
224%224%64
224*224%64
112*112*64
112*112%64
112%112*128
112*112*128
56*56*128
56*56*128
56*56*256
56*56*256
56*56*256
28*28*256
28*28*256
28%28*512
28%28*512
28*28*512
14*14*512
14*14*512
14*14*512
14%14*512
14*14*512
7*7*512
1*25088
1%2048
1*2048

Output size

224*224%64
224*224%64
112*112%64
112*112*64
112%112*128
112#112*128
56*56*128
56*56*128
56*56*256
56*56*256
56*56*256
28*28*256
28*28*256
28*28*512
28*28*512
28*28*512
14*14*512
14*14*512
14*14*512
14*14*512
14*14*512
T*7*512
T*7*512
1%2048
1%2048

1*5
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Table 4: The accuracy of each class from optimal networks

Windowpane
81.21

80.26
80.01

Color block

93.60
90.28
91.85

College
92.00
89.71
90.14

Prince of wales
96.14

95.34
94.28

Houndstooth
91.57
90.42
90.07
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Table 9: The accuracy of each class (windowpane, color block, college, prince of wales, and
houndstooth) from the proposed network with strip pooling

Ours ‘Windowpane Color block College Prince of wales Houndstooth
ResNet18 84.05 97.57 92.25 98.71 95.14
VGG16 88.85 94.12 90.57 98.82 91.98

Densenet121 85.06 95.71 91.72 97.85 93.71
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Table 7: The detailed configurations of denseNetl21

Table

Convl

Bnl

Relul
Max_pooll
Denseblock
Transitionl
SPBI1
Denseblock2
Transition2
SPB2
Denseblock3
Transition3
SPB3
Denseblock4
SPB4
Avg_pool
Full_cl

Input size

224*224*3
112%112%64
112%112%64
112%112%64
56*56*64
56*56*256
28%28*128
28*28*125
28*28*512
14*14*256
14*14*256
14*14%1024
7*7*512
7¥7*512
771024
771024
1*1024

Output size
112*112%64
112*112%64
112*112%64
56*56*64
56*56*256
28*28*128
28*28*128
28*28*512
14*14*256
14*14*256
14*14*1024
77512
T¥7*512
7771024
7741024
1%1024

1*5
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Table 2: The accuracies of VGGIl, VGGI6, ResNet-18, ResNet-152, DenseNet-121, and
DenseNet-169 with the best hyperparameters on YDPF dataset

YDPF VGGI1 VGG16 ResNet18 ResNetl52 Densenet121 Densenet169
Accuracy 86.08 89.20 90.90 89.05 89.27 88.17
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Table 5: The detailed configurations of ResNetl8

Layer name

Convl
Bnl

Relul
Max_pool
Layerl
SPBI
Layer2
SPB2
Layer3
SPB3
Layer4
SPB4
Avg_pool
Full_c

Input size
224%224*3
112*112%64
112*112%64
112*112%64
56*56*64
56*56*64
56*56*64
28*28*128
28*28*128
14*14*256
14%14*256
T*T*512
T*7*512
1*512

Output size
112*112%64
112*112%64
112*112%64
56*56*64
56*56*64
56*56*64
28*28*128
28*28*128
14%14%256
14*14*256
T*T*512
T*T*512
1*1*512
1*5
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