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Abstract: Handwritten digital recognition is a hot spot in the field of artificial intelligence, which
has already played a very important role in the society. A lot of handwritten digital recognition
algorithms have been developed in the last few decades. However, most of previous algorithms
failed to better extract the semantic and useful local parts from the original image, which is
important for the enhancement of signal noise ratio. In this paper, an attention mechanism based
neural network is proposed to better extract the salient local information automatically, and
simultaneously filter out background or noise in the handwritten digital images. By this way, our
method is able to only focus on the important information of the input image, and consequently
better understanding the semantic information of the image. Experiments has been conducted on a
widely used dataset MNIST, and the results show that our method is able to achieve great
performance on the handwritten digital recognition task.
1. Introduction
Handwriting digital recognition is to automatically recognize the digit from the handwriting
digital images with computer. In recent years, the application of handwriting recognition is more and
more extensive and important. Due to the great potential of this task, there have been a huge amount
of algorithms developed to solve the handwritten numeral recognition problems [2,3,4,5,6,9,22].
However, those algorithms and are flawed. In the recent years, the computer community has
witnessed three main kinds of approaches for handwriting digital recognition and all the object
recognition tasks.
The first kind of approaches is to use handcrafted feature to solve the recognition problems
[2,3,4,5]. For example, Biglari et al. [2] used Local Binary Patterns (LBP) for handwritten digital
recognition. The LBP feature is shown in Fig. 1. A simple LBP records the contrast, or difference,
between a pixel and its surroundings. The image on the far left is the original. The aim is to detect
some information of a pixel point. A threshold processing is performed for the middle grid of nine
squares (the number in the grid is the gray value of pixel point).Pixels greater than or equal to the
center point are marked as 1 and pixels less than are marked as 0.Finally, the 11110001 binary
number around the central pixel point is converted into decimal number to obtain the LBP value. At
first the original function was to assist image local contrast and was not a complete feature
description, as a result, if the identification problem is more difficult, the effect it can get will not be
well.

Fig.1 Local Binary Pattern
The second algorithm is to use sparse representation based methods [6,7,8]. For example, Qu et
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al.[6] proposed a locality-sensitive sparse representation method toward optimized prototype
classifier. The learned dictionary can not only preserve local data structures, but also require the
reconstruction of a pattern to get as close as possible to the prototype optimized by the
minimum classification error (MCE) approach. So this method is able to help improve
the classification accuracy effectively. However, the obtained sparse encoding may be highly
redundant.
In recent years, deep learning has made great progress in many artificial intelligence areas, such
as computer vision[11,12,17,20]. For the recognition tasks, deep learning based methods are also
becoming very dominating. For example, Wen et al. [9] analyzed the difference between convolution
neural network (CNN) network and traditional neural network (NN) in the recognition of
handwritten digital datasets. They further designed a deep convolutional neural network (DCNN)
based on Alex network (AlexNet). However, large size of convolutional neural network always leads
to an excessive number of parameters and an over-fitting problem.
Through the analysis, comparison and research of these three algorithms, their advantages and
disadvantages are summarized. To avoid the above mentioned problems from happening, an
attention based model is developed in this paper. which can effectively solve the problems cause by
the first three methods. The proposed method is elaborated in section 2.
2. Methodology
In this section, we discuss the process methods for digital recognition algorithm. First, a backbone
neural network is used as a basic architecture. Second, from the verification and modification of the
attention module, we can get a new architecture of the algorithm. Finally, to properly train the
algorithm, a loss function is implemented on the output of the network.
2.1 Network Backbone
When the system receive the image, the neural network will use a convolution kernel to process
the input image and extract a corresponding feature of the image. Then a down-sampling operation
will be performed. This process will be repeat again to hierarchically extract more abstract and
semantic feature. In the end, the network uses two full connections and get the final high level
information. For example, in the picture, an image which has a 32x32 matrix, with a convolution, it
will divide the image into six 28x28 images. Then, the algorithm will perform the down-sampling,
this process can decrease the size of image and the size of the matrix will be a half, the size will be
14x14 and number of matrix will increase. Then the process will be repeat again. After that, it will
use two full connections, then we can get the information we want.

Fig.2 The Overall Framework of the Proposed Model
2.2 Attention Module
In addition to the basic neural network backbone, the algorithm exploits the attention mechanism
to automatically focus on the important local regions of interest. The function of attention
mechanism is to filter out excess information, because like human beings, when it observes images,
it will focus on some particular regions and ignore other useless information, so the attention
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mechanism can help it concentrate on useful information of the image.
The detail of the implemented attention module is illustrated in Fig 3. In this module, the attention
mask is first extracted from original feature map with 1x1 convolution filters. Then the attention
mask is elementary produced with the origin map and produces the attention map.

Figure 3The implemented attention module. In this module, the attention mask is first extracted
from original feature map with 1x1 convolutional filters. This mask is then elementwise product with
origin feature map.
2.3 Loss Function
Loss function is also important to the learning of neural network [13,14,15]. In the training
procedure the cross entropy function. It is a function that maps a random event or its value of related
random variables to a non-negative real number to represent the risk or loss of the random event. In
applications, loss functions are often associated with optimization problems are learning criteria, that
is, loss minimization functions are used to solve and evaluate models. The loss function is
formulated as equation 1:
^

^

𝐿𝐿(𝑦𝑦, 𝑦𝑦) = − ∑𝐶𝐶𝑖𝑖=1 𝑦𝑦𝑖𝑖 log(𝑦𝑦𝑖𝑖 )

(1)

In machine learning, given independent identically distributed learning samples (𝑋𝑋, 𝑦𝑦) ∈ 𝒳𝒳 ×
^

𝒴𝒴 and models 𝑦𝑦 = 𝑓𝑓(𝑋𝑋, 𝑤𝑤), the loss function is the quantification of the difference in probability
distribution between model outputs and observed results. The specific quantization method on the
right side of the above equation depends on the problem and the model, but it is required to meet the
general definition of loss function, namely the non-negative measurable function of the sample space.
By this way, the network is able to correctly classify the handwritten digital into the right category.
3. Experiment
This section will mainly discuss the experiment of our module.
3.1 Dataset
This dataset contains 80,000 handwriting digital examples. Among those images, 60,000
examples are used for training the model and 20,000 examples exploited for testing. These Numbers
have been dimensioned and are located in the center of the image, which is a fixed size (28x28 pixels)
with values from 0 to 1. For simplicity, each image is flattened and transformed into a
one-dimensional NUMPY array of 784(28 * 28) features in program.
Some examples of the dataset is shown in Fig. 4. It can be seen that the dataset suffers from the
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large intra-class variation problem. For example, it’s a little hard to recognize that the several
handwritten digit seven belong to the same class. What’s more, there are also severe inter-class
variation problem. There are only two kinds of number and the is small, so it’ much easier to
distinguish.
3.2 Experiment Protocol
For experiment, we use the MATLAB for programming and modeling. The learning scheme is
stochastic gradient descent (SGD). In machine learning / deep learning algorithms, the loss function
of the objective function usually takes the average of the loss functions of each sample. If gradient
descent method (batch gradient descent method) is used, the gradient of [formula] samples should be
obtained during each iteration.

Fig.4 Example of the Mnist Handwritten Digital Dataset. Upside Picture: Examples of Each Class is
Illustrated. Downside Picture: a Detail Example of Handwritten Digital Image.
In our experiment, the learning rate is set to 0.01, batch size is 96, and epoch is 100. The image is
preprocessed by data augmentation. Specifically, horizontal flip, and image jittering are used in the
preprocession of this experiment.
3.3 Experiment Results
Table 1 Table Captions Should Be Placed Above the Tables.
Algorithms
LeNet
AlexNet
VGG 16
ResNet
Ours (LeNet+Attention)

Accuracy
97.7%
98.7%
98.9%
86.5%
99.3%

Our experiment was carried out on the MNIST data set. The experimental result is reported in
Table 1. If only the backbone network is used which is LeNet5, the performance will be 97.7 %
accuracy. However, if our attention mechanism is added upon the LeNet backbone, the performance
will be improved to 99.3% accuracy.
ResNet only achieves 86.5% accuracy in our experiment, which is a bad performance. That is
because that ResNet is a large neural network. Therefore, it is easy to be overfitting in MNIST
dataset.
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3.4 Parameter Experiments
This subsection discusses the influence of different number of epochs, batch size and learning rate
on the performance of our proposed algorithm.
3.4.1 Learning Rate
During training procedure, learning rate of the model has a huge effect on the training result and
the inference performance of the model. Therefore, we conducted experiments to choose the best
learning rate. The result is shown in Table 3. It can be seen that when learning rate is set to 0.01, the
test result is 99.3%, which is the best accuracy. Therefore, we choose learning rate as 0.01.
Table 2 Performance of The Model under Different Learning Rates
Learning rate
0.1
0.01
0.001

Training accuracy
88.3%
99.7%
81.1%

Test accuracy
80.9%
99.3%
79.8%

3.4.2 Batch Size
Batch size is also very important to the performance of our model. Therefore, we conducted
experiments to choose the best batch size. The result is shown in Table 3. It can be seen that when
batch size is set to 96, the result is already very good. To save the memory, we choose batch size as
96.
Table 3 Performance of the Model under Different Batch Sizes
Batch size
48
64
96
128
256

Training Accuracy
95.9%
98.2%
99.7%
99.7%
99.8%

3.4.3 Number of Epoch
In addition to learning rate and batch size, the number of epoch also is very important to the
accuracy of the model. Therefore, we conducted experiments to choose the best number of epoch.
The result is shown in Table 4. It can be seen that when batch size is set to 100, the result is already
very good. To save the training time, we choose epoch number as 100.
Table 4 Performance of the Model under Different Epoch
Number of Epoch
50
100
150

Training accuracy
94.2%
99.7%
99.9%

Test accuracy
93.4%
99.3%
99.3%

4. Conclusion
In this paper, an attention mechanism based deep neural network is proposed, which is able to
enhance the information of regions of interest, and filter out those noises. The proposed model is
evaluated in the predominate handwriting digital dataset, and achieves state of the art performance.
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