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Abstract: Complex plasma widely exists in thin film deposition, material surface modification, and waste gas treatment in industrial plasma processes. During complex plasma discharge, the configuration, distribution, and size of particles, as well as the discharge glow, strongly depend on discharge parameters. However, traditional manual diagnosis methods for recognizing discharge parameters from discharge images are complicated to operate with low accuracy, time-consuming and high requirement of instruments. To solve these problems, by combining the two mechanisms of attention mechanism (strengthening the extraction of the channel feature) and shortcut connection (enabling the input information to be directly transmitted to deep networks and avoiding the disappearance or explosion of gradients), the network of squeeze and excitation convolution with shortcut (SECS) for complex plasma image recognition is proposed to effectively improve the model performance. The results show that the accuracy, precision, recall and F1-Score of our model are superior to other models in complex plasma image recognition, and the recognition accuracy reaches 97.38%. Moreover, the recognition accuracy for the Flowers and Chest X-ray publicly available data sets reaches 97.85% and 98.65%, respectively, and our model has robustness. This study shows that the proposed model provides a new method for the diagnosis of complex plasma images and also provides technical support for the application of plasma in industrial production.
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1  Introduction

Complex plasma, also known as dusty plasma, consists of micrometer-sized solid particles immersed in an ordinary ion-electron plasma [1,2]. Complex plasma widely exists in plasma industry processing [3,4], cosmic space [5,6], and laboratory plasma systems [7]. In plasma industry processing, Racka-Szmidt et al. [8] researched effect of O2 addition to the SF6 plasma was investigated to improve the etching rate and/or selectivity. In cosmic space, a description of the origin of dust particles, their dynamics and evolution in the atmosphere of Mars and the vicinity of its moons, Phobos and Deimos, were presented [5]. In laboratory complex plasmas [9–11], a complex plasma can be generated by the discharge of ethylene gas in a radio frequency (rf) discharge system [11], in which different discharge parameters will produce different complex plasma patterns formed by the combination of plasma glow and dust particles. Complex plasma patterns can be acquired by an image acquisition system to study the relationship between complex plasma images and discharge macro-parameters [12–14].

However, when the amount of captured images to be analyzed is large, it is difficult to efficiently and accurately analyze or recognize the relationship between images and parameters using the operators’ experimental experience and traditional manual diagnostic methods. Because the manual diagnostic methods which are introduced to determine the critical macro-parameters have some disadvantages, such as complicated operation, low accuracy, time-consuming, high requirement of instruments and equipment, and high requirement of operators. Machine learning has made emerging achievements in the field of complex plasmas. For example, Huang et al. [15] applied the support vector machine (SVM) method to achieve the identification of the interface in a binary complex plasma. SVM can be also used to estimate the in-flight particle properties in plasma spraying in a much faster manner [16]. However, machine learning often requires the manual design of feature extractors or manually selecting features from raw data, which is time-consuming and requires specialized knowledge. As a subset of machine learning, deep learning can automatically extract useful information from the original data by automatically learning the feature representation of the input data, which simplifies the engineering of manually designing extractors for machine learning. To overcome these shortcomings, this paper proposed a recognition model based on deep learning for complex plasma image recognition.

Deep learning, the process of extracting abstract features from original features through multi-layer neural networks for recognition or classification processing, can optimize itself by learning the characteristics and the laws of data through algorithms to realize the recognition of data and related parameters. In recent years, deep learning with its advantages in feature recognition has gained considerable achievements in computer vision, such as cancer detection [17], human activity recognition [18,19], and image classification [20–23]. For example, Kumar et al. [17] presented novel convolutional neural networks (CNN) based approach for the detection of breast cancer using the whole slide images with an accuracy of 83%. Wang et al. [18] proposed a comprehensive event detection method based on effective part-based deep network cascade-head-shoulder networks and trajectory analysis. This network can detect pedestrians and key-pose-based single events very precisely, which lays a foundation for tracking pedestrians. Verma et al. [19] proposed a human activity recognition method by deep fusion of multi-streams (RGB images, depth maps, and 3 dimensions skeleton) and using evolutionary algorithms to optimize decision-level scores. The method is an application of the human-machine interface, which can be used to identify normal activities, abnormal activities, and patient safety monitoring in the living room.

For deep learning, its typical application in image recognition experienced the development of a series of models. For example, as one of the earlier deep learning models, LeNet achieves good results on the small-scale MNIST dataset [20]. However, complex image recognition tasks require large-scale datasets and network models with stronger learning capabilities. Krizhevsky et al. [21] proposed AlexNet, in which the input image underwent 5 convolution operations and 3 fully connected layers. Finally, a Softmax classifier with 1000 nodes was input to complete image recognition. The network used the rectified linear unit (ReLU) activation function and introduced local response normalization to alleviate the problem of gradient disappearance. Data augmentation and dropout technology greatly alleviate the problem of overfitting. However, AlexNet has a shortcoming with a large number of parameters. Simonyan and Zisserman proposed a visual geometry group (VGG) [22], which inherited the framework of AlexNet and LeNet. The main contribution was to increase the network depth and improve the network by stacking convolutional layers with 3 × 3 small convolution kernels. However, as the depth of the network increases, the problem of gradient disappearance becomes more and more serious, and the optimization of the network becomes more and more difficult. So, He et al. [23] proposed a residual network (ResNet) composed of stacked residual blocks, which further deepened the network and improved the performance of image recognition tasks. However, the recognition performance of ResNet still needs to be improved when the irrelevant information is too much or the information is overloaded. The attention mechanism was introduced [24], which can filter out irrelevant information, solve the problem of information overload, and improve the efficiency and accuracy of task processing.

In the above researches, there are three important points: (1) The use of small convolutional kernels and stacked convolutional layers enables more nonlinear operations, improves the network’s non-linear expression ability, and enables it to better handle complex image data [22]; (2) The use of the residual block allows the input information to be directly transmitted to the deep network to avoid the disappearance or explosion of gradients during the propagation process [23]; (3) The use of attention mechanism improves the performance and accuracy of the model by learning the importance weights of each channel and then applying these weights to the channel feature map to enhance useful features and suppress useless ones [24]. Inspired by the above researches, we built a squeeze-and-excitation-convolution with shortcut (SECS) model based on deep learning to accurately recognize experimental macro-parameters from complex plasma images. The primary innovations and contributions of the paper are as follows:

(1)   The complex plasma image dataset containing 5094 images is constructed, which is divided into four categories according to four different rf powers as the labels.

(2)   The proposed SECS module combined two mechanisms of attention mechanism and shortcut connection to effectively improve the model performance with a high accuracy. Attention mechanism can strengthen the extraction of the channel feature of the input complex plasma images to improve the feature learning ability of network. Shortcut connection enables the input information to be directly transmitted to deep networks, avoiding the disappearance or explosion of gradients during the propagation process.

(3)   The proposed SECS model learns the complex plasma image features through training to optimize model performance and establish the corresponding relationship between the input images and plasma discharge macro-parameters. When inputting a test-needed complex plasma image into the proposed model, the corresponding experimental macro-parameters can be recognized quickly and accurately. When plasma discharge conditions and images change, it is only need to change the dataset, retrain and retest the network. The network still has the ability to learn and extract the key features from new dataset.

2  Related Work

2.1 Technical Route

Fig. 1 shows the technical route of our model. The deep learning and application processes can be roughly divided into two parts: the learning process and the application process. All the data is divided into three parts, i.e., training set, validation set, and test set. The training set is used for model training. During the training process, the training error is subjected to gradient descent and the trainable weight parameters. Validation set is a separate set during model training, which can be used to tune the model’s hyperparameters and to initially evaluate the model’s performance. The test set is used to evaluate the generalization ability of the final model and thereby the quantitative and qualitative analysis ability of the model is obtained. The test set and validation set can be exactly the same.
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Figure 1: Technical route

2.2 Squeeze-and-Excitation Block (SE Block)

Fig. 2 shows the main block included in this model, i.e., the SE block [24]. The left half of the network (Ftr) is a traditional convolution transformation with convert the input X(∈RH′×W′×C′) to the output U(∈RH×W×C). H′, W′and C′ are the dimensions of the matrix X. H,W and C are the dimensions of the matrix U. Ftr is represented by V=[v1,v2,…,vC], where vC represents the Cth two-dimensional (2D) convolution kernel. The output is represented by U=[u1,u2,…,uC], in which uC is expressed as follows:

uC=vC∗X=∑s=1C′vcs∗xs,(1)

where ∗ means the convolution,vc=[vc1,vc1,…,vcC′],X=[x1,x2,…,xC′], uC∈RH×W,  and vcs is the 2D spatial convolution.
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Figure 2: The SE block

2.3 Squeeze

To solve the problem of exploiting channel dependencies, we first consider the output feature of the signal in each channel. Each learned filter is associated with a local receptive field, so each transformed output unit U cannot utilize context information outside the receptive field. To solve this problem, compressing global spatial information into channel descriptors is achieved by global average pooling to generate channel statistics. That is, z∈RC is the result of performing global average pooling on the feature U in the spatial dimension H×W, so each element of z is represented as follows:

Zc=Fsq(Uc)=1H×W∑i=1H∑j=1WUc(i,j)(2)

The squeeze operation is to use the global average pooling operation to compress each feature map after obtaining U (multiple feature maps), so that the C feature maps finally become a 1×1×C real number sequence.

2.4 Excitation

In order to exploit the information aggregated in the squeeze operation, channel dependencies are fully captured by excitation. To achieve this, the function must satisfy two criteria. First, it must be able to learn nonlinear relationships between channels. Second, it must learn non-mutually exclusive relationships. Because it is hoped that multiple channels can be enhanced (rather than only one channel feature like one-hot enhancement). A gating mechanism with sigmoid activation is selected. In order to satisfy the above two conditions, the following transformation forms are used:

s=Fex(z,W)=σ(g(z,W))=σ(W2δ(W1z)),(3)

where σ represents the sigmoid activation function, g is to calculate a new weight from the sequence z and the weight W, and δ represents the ReLU, where W1∈RCr×C and W2∈RC×Cr (r is the reduction rate of the dimensionality reduction layer).

To limit the complexity of the model and make it general, the dimensionality reduction layer (by global average pooling), two full connection (FC) layers, the activation of ReLU and sigmoid, the dimensionality boosting layer by scale are used. The final output of the SE block is obtained by rescaling the feature map with activations. After getting s, the output of SE block can be determined by the following formula:

x~c=Fscale(uc,sc)=scuc,(4)

where X~ = [x~1,x~2,…,x~c], uc∈RH×W, and Fscale are the product over the channel.

3  Method

3.1 Collecting Data

In this complex plasma experiment (see Fig. 3), ethylene gas is used to discharge in a capacitive coupled rf plasma experimental setup. The laser (with the wavelength of 532 nm and the power of 200 mW) is used to illuminate dust particles by scattering, then the complex plasma images were captured and recorded through a complementary metal-oxide-semiconductor (CMOS) camera with a microscope and an image acquisition software. In this experiment, ethylene gas, gas pressure is controlled at 190 Pa with changing rf power in 64–70 W. The amount of the captured images under different rf powers is shown in Table 1. The dataset is constructed from the totally captured 5094 images, in which the training set and test set are 70% and 30% of the images, respectively.
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Figure 3: The top view of the complex plasma experimental system
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Fig. 4 shows the complex plasma images under different rf powers, which are difficult to be distinguished by naked eyes. To efficiently recognize these images, an effective model is needed.
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Figure 4: Complex plasma images under the rf power of 64 W (a1–a4), 66 W (b1–b4), 68 W (c1–c4), and 70 W (d1–d4)

3.2 SECS Module

Fig. 5 shows the schematic diagram of the SECS module. Firstly, the SECS module compresses spatial features of input feature map, realizes the global average pooling in the spatial dimension, and then learns the channel features of the compressed feature map to obtain the feature map with channel feature attention module. Next, the characteristics of channel attention and the characteristics of the input images after the convolution, batch normal (BN) and ReLU procedure are multiplied by the weight coefficient through channel by channel in the scale step, and then the characteristics with channel attention are output. The added shortcut can prevent gradient divergence of the network (see Fig. 5).
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Figure 5: The SECS module

3.3 Model Structure

In this paper, the SECS network was constructed for recognition of ethylene discharge images under different parameters. Fig. 6 shows the SECS network structure. It mainly consists of SECS module, which mainly includes attention mechanism and shortcut connection. Attention mechanism can strengthen the extraction of the useful channel features and suppress those that are less important to improve the feature learning ability of network. Shortcut connection solves the gradient divergence problem by directly transmitting the input information to deep networks. The SECS module can effectively improve the model performance with a high accuracy. The SE attention mechanism concluded squeeze, excitation and scale. Squeeze compresses the 2D feature (H × W) of each channel into a real number (1 × 1 × C) through global averaging pooling. Squeeze, through global average pooling (GAP), compresses the feature map from [H, W, C] to [1, 1, C], and obtains the global feature of the channel. Excitation constructs the correlation between the two fully connected layers to generate a weight value for each feature channel. Scale weights the normalized weights obtained earlier to the features of each channel by multiplying the weight coefficient by channel by channel. The detailed parameters of each layer in the model are shown in Table 2. It can be seen that the input data is the images of 224 × 224 × 3 (width, height, channel). There are two convolution layers of 3 × 3 with the stride (S) of 1 and the filters of 32 and 64, respectively. Batch normal and ReLU activation function are conducted after each layer of convolution. And there are two SECS modules with 32 and 64 filters, respectively. Then, the data is flattened and a fully connected layer is added.
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Figure 6: The model structure for complex plasma image recognition
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In this paper, the complex plasma images collected under the four rf powers are as the examples to introduce the application process of this model. Firstly, 70% of the dataset constructed from the collected complex plasma images are input into the model for training, and then the left 30% of the dataset are for testing the model. That is, randomly inputting the left of the dataset to the model, the model can accurately recognize the parameters from the unknown images.

4  Results and Discussion

4.1 Evaluation Indicators

Accuracy, precision, recall, F1-Score and confusion matrix were used as evaluation indicators for recognition (see Eqs. (5)–(8)).

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

Precision=1/N∑i=1NTPi(TPi+FPi),(6)

Recall=1/N∑i=1NTPi(TPi+FNi),(7)

F1−Score=1/N∑i=1N2TPi2TPi(2TPi+FPi+FNi).(8)

where N means the number of all samples. TP (Ture positive) and TN (True negative) are correct prediction. FP (False positive) and FN (False negative) are misprediction.

4.2 Result

To enhance the generalization capability of the network and prevent overfitting of the network, data expansion methods can be used, such as rotation, deformation, normalization and so on. In this experiment, we use rotation, horizontal position translation, up and down position translation, staggering transformation, scaling, horizontal flipping and padding to expand the data. During the training process, the cross-entropy was used as the loss (see Eq. (9)). The hyper parameters in our model are shown in Table 3.

Loss=−1N∑x[ylna+(1−y)ln⁡(1−a)](9)

where y is the desired output and a is the true output.
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Accuracy, the proportion of correctly predicted samples for all predicted samples, is a very common evaluation index in recognition. Fig. 7 shows the accuracy and loss of the model on the training set and test set vs. iterations. It can be seen that within 0–10 epochs, the training and test accuracy are rising rapidly. When the epoch is within 10–26, the fluctuation of the accuracy curves can be observed. When the epoch exceeds 26, the accuracy curves tend to be stable. For the loss curve of the model, it decreases rapidly when the epoch is less than 10. The epoch is greater than 26, the loss curves of both the train and test sets reach stable with the low values (close to zero), which indicates the convergence state of the model after 26 epochs.
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Figure 7: The accuracy and loss curve of our model during training and testing

Confusion matrix is often used to judge the pros and cons of models. Fig. 8 shows the confusion matrix for complex plasma image recognition by the SECS model. The abscissa represents the predicted labels, the ordinate represents the real categories, and the coordinates at (i,j) represents that the SECS network recognizes the j-type complex plasma image to the i-type. When i=j (4 squares on the diagonal), it shows that the model can correctly recognize the categories with the very high accuracy of above 95%. When i≠j, the numbers show the percentage of misrecognition with the predicted level to the total images with the true level. It can be seen from the color bar that the four squares on the diagonal are dark blue, while the other squares are light blue, indicating that the model can correctly recognize the four types of plasma images A, B, C, and D. For example, 100% in the upper left corner indicates that all the input 388 images with the label of type A are correctly recognized. Similar results are for label B and D images. For the label C images, 4.95% of them are incorrectly recognized as D images (i.e., among the 384 images labeled C in the test set, 20 images are recognized as labeled D). These results prove the effectiveness and feasibility of the SECS model for complex plasma image recognition.
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Figure 8: The confusion matrix of the recognition for the ethylene complex plasma images with the SECS model

Table 4 shows the detailed recognition results of the four categories of images in Fig. 4 with image name, true label, predict label, and the corresponding accuracy. It can be seen that the predicted label of each image is consistent with the true labels with high accuracy of above 91% (the highest accuracy is 99.97%), indicating that our model has high feasibility on complex plasma image recognition.
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Different learning rate and batch size will also affect the recognition accuracy of the model. Therefore, we compared the accuracy with different learning rates and batch size (see Tables 5 and 6). It can be seen from Table 5 that when the learning rate is 0.001, 0.0001 and 0.00001, the accuracy is 95.42%, 97.38% and 96.86%, respectively. The learning rate is 0.0001, the accuracy of the network is 1.96% and 0.52% higher than that of 0.001 and 0.00001, respectively. Table 6 shows the influence of different batch sizes on the recognition result. It can be seen that when the batch size is 32, the recognition effect is the best with 0.39% and 6.59% higher than that of the batch size of 16 and 64, respectively.
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In order to verify the feasibility and effectiveness of this method for the recognition on complex plasma images, the proposed model was compared with residual network (ResNet18), VGG13, Alex network (AlexNet) and LeNet, respectively, shown in Fig. 9. It can be seen that the accuracy of our method is the highest among these models after the epoch is larger than 10. Therefore, our method has best recognition effect.
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Figure 9: The accuracy curve of different methods in complex plasma image recognition

The evaluation indicators of our model and the four comparable models are shown in Table 7. It can be seen from Table 7 that the accuracy of the SECS model on complex plasma image recognition is 97.38%, while the accuracy of ResNet18, VGG13, AlexNet and LeNet are 80.09%, 70.71%, 66.73% and 56.11%, respectively. Compared with the four models, the accuracy of our method is improved by 17.29%, 26.66%, 30.65% and 41.27%, respectively. Moreover, the evaluation index of recall and F1-Score of our method are also the best. In addition, in order to compare with other methods more intuitively, we have given the four evaluation indicators in bar graph by different recognition models. It can be seen that all the four evaluation indicators of the proposed SECS network are the highest. From Table 7 and Fig. 10, one can see that our method can effectively recognize complex plasma images.
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Figure 10: The bar graph comparison on the evaluation indicators by our method and other methods

In order to compare the calculation performance, the calculation complexity (GFLOPs, i.e., giga floating-point operations per second, showing the measure of computing), the parameter quantity, and memory occupation of different models in the same running environment are shown in Table 8. It shows that the GFLOPs of our model is 4.2 G, while those of ResNet18, VGG13, AlexNet and LeNet are 3.66, 22.0, 2.02 and 0.109 G, respectively. The parameter quantity of our model is 126.63 M, while those of ResNet18, VGG13, AlexNet and LeNet are 10.68, 122.96, 48.49 and 5.16 M, respectively. Memory occupation refers to the amount of memory used by the model while it is running. In the same running environment, the higher the memory occupation of the model, the higher the requirements of the model on computer resources. The memory occupation of our model during running is 4275.8 MB. While that of ResNet18, VGG13, AlexNet and LeNet during running are 8904.9, 5221.2, 6614.1 and 9495.5 MB, respectively. It shows our model has the least memory occupation, meaning the lowest requirement of our model on computer resources during running. Although our model has the high calculation complexity and parameter quantity, the lowest memory occupation and the highest accuracy of our model means that our method has the best overall performance.
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The robustness of the recognition is also an important consideration. In order to verify the robustness of our model, the public flower dataset (daisy, dandelion, rose, sunflower and tulip) and the Chest X ray (normal and pneumonia) dataset were used for the validation, showing the high evaluation indicators of about 98%–99% (shown in Table 9). For example, the average recognition accuracy of 97.85% and 98.65% respectively on these two public datasets by our model. In addition, the proposed model was also carried out on our constructed complex plasma image dataset with the operations of rotation, cutting and horizontal flipping. It can be seen from Table 9 that all the four evaluation indicators are higher than 97%, indicating the robustness of our model.
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5  Conclusions

In this paper, the SECS model for complex plasma image recognition was built, which can strengthen the channel feature of the input images, solve the gradient divergence problem of the network, and improve model performance. The results show that the evaluation indicators of our network are all above 97%. Compared with other typical recognition networks, our method achieves significantly better performance with the highest evaluation indicators for complex plasma image recognition. The proposed model in this paper provides a new method for the diagnosis of complex plasma images and it also has potential for application in the plasma industry.
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Table 3: The hyper parameters of our model

Super parameter Value
Epoch 30
Batch size 32
Learning rate 0.0001

Optimization Adam
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Table 8: The comparison of the computational complexity, parameter and memory occupation

Method GFLOPs (G) Parameter quantity (M) Memory occupation (MB)
SECS (Ours) 4.2 126.63 4275.8
ResNet18 3.66 10.68 8904.9
VGGI13 22.0 122.96 5221.2
AlexNet 2.02 48.49 6614.1

LeNet 0.109 5.16 9495.5






OEBPS/Images/CMC_49862-fig-5.png
Shortcut connection






OEBPS/Images/table-4.png
Table 4: The recognition results of our model on the images in Fig. 4

Images True label Predicted label Accuracy (%)

al, a2, a3, a4 AAAA AAAA 99.92, 99.94, 99.97, 99.95
bl, b2, b3, b4 B,B,B,B B,B,B,B 97.73, 97.49, 92.60, 92.12
cl,c2,c3,c4 CCcCCcC CCCC 95.11, 95.14, 95.31, 91.72
dl1,d2, d3, d4 D,D,D,D D,D,D,D 98.99, 97.90, 98.30, 95.91
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Table 9: Recognition results on the datasets of flowers, Chest X ray and our constructed complex
plasma images

Data set Accuracy (%) Precision (%)  Recall (%) F1-Score (%)

Flowers 0.9785 0.9786 0.9771 0.9778

Chest X ray 0.9865 0.9866 0.9859 0.9862

Complex Rotation 0.9713 0.9715 0.9707 0.9711

plasma images  Cytting 0.9741 0.9759 0.9715 0.9737
Horizontal 0.9727 0.9751 0.9725 0.9737

flipping
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Table 7: Comparison of precision, precision, recall and F1-Score by different methods

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)
SECS (ours) 97.38 97.38 97.38 97.38
ResNet 18 80.09 96.34 55.81 70.68
VGGI13 70.72 85.42 54.27 66.37
AlexNet 66.73 85.05 41.53 55.81

LeNet 56.11 61.85 24.24 34.68
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Table 1: The dataset of this paper

Pressure (Pa) f power (W) Number of images Label
190 64 1284 A

66 1231 B

68 1273 C

70 1306 D
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Table 6: The effect of batch size on accuracy

Batch size Accuracy (%)
16 96.99
32 97.38

64 90.79
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Table 2: The parameters of each layer in our model (Conv: Convolution; BN: Batch normalization; —:
Do nothing)

Structure Input Kernel Filters Padding Operation  Output
Input image 224 x 224 - 3 - - -
x 3
Conv 224 x 224 3x3(S= 32 Same Conv + BN 224 x
x 32 1) + ReLU 224 x 32
SECS Conv 224 x 224 3x3(S= 32 Same Conv + BN 224 x
x 32 1) + ReLU 224 x 32
GAP(2D) 224 x224 1x1 32 - - I x1x
x 32 32
FC Ix1x32 Ix1 32 - ReLU I x1x
32
FC Ix1x32 Ix1 32 - Sigmoid I x1x
32
Scale Ix1x32 Ix1 32 - - 224 x
224 x 32
Add 224 x 224 - 32 - - 224 x
x 32 224 x 32
Conv 224 x 224 3x3(S= o4 Same Conv + BN 224 x
x 64 1) + ReLU 224 x 64
SECS Conv 224 x 224 3x3(S= 64 Same Conv + BN 224 x
x 64 1) + ReLU 224 x 64
GAP(2D) 224 x224 1x1 64 - - I x1x
x 64 64
FC Ix1x64 1x1 64 - ReLU I x1x
64
FC Ix1x64 1x1 64 - Sigmoid I x1x
64
Scale Ix1x64 1x1 64 - - 224 x
224 x 64
Add 224 x 224 - 64 - - 224 x
x 64 224 x 64
Flatten 224 x 224 1x 1 1 - - I x1x
x 64 3211264

FC 3211264 I x1 64 - Softmax I x1x4
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Table 5: The effect of learning rate on accuracy

Learning rate Accuracy (%)
0.001 95.42
0.0001 97.38

0.00001 96.86
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