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ABSTRACT 

 

Since the convolutional neural network (CNN) 

has been widely used in the field of computer 

vision, it has been introduced to the handwritten 

Chinese character recognition. In this paper, we 

simply use traditional CNN model with some 

common techniques like data augmentation, max 

pooling, dropout and oversampling to do 

recognition, we finally achieve 93.69% accuracy 

on over 10,000 validation image data and 88.18% 

accuracy on 1,600 testing image data. 
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1. RELATED WORKS 

 

Optical Character Recognition (OCR) is the most 

common technique in pattern recognition, it has 

been widely used as a form of data entry from 

printed paper data records, such as passport 

documents, bank statements, business cards. 

 

Neural Network is commonly used at machine 

learning; we can use it to solve problems and 

optimize result via mathematical statistics and 

learning methods. 

2. DATA PRE-PROCESSING 

 

 

 

 

(a)           (b)          (c) 

Fig. 1. Noisy images. 

 

There are many problems with the images in 

Figure 1. For example, the images classified as 

“行”. For Figure 1(a), there are two words in an 

image. It is not allowed in the competition, for 

Figure 1(b), there are many noises like the red 

part that can easily affect training results. For 

Figure 1(c), it is even not the correct word. 

 

There are many red noises in most of the noised 

images. First, we try using the distribution of the  

pixel values in the image, and it successfully 

removed most of the noisy images in Figure 1(b). 

 

Then we try using cosine similarity between 

different images in a category to get rid of the 

wrong images, such as Figure 1(a). Unfortunately, 

the results are not reliable, so we turn to clean the 

image data manually. 

 

Thus, the remaining data can be clean. 
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3. METHODS 

 

In deep learning, a large amount of data is needed 

to ensure that overfitting does not occur during 

training. Therefore, the following methods are 

generally used to solve the overfitting problem 

caused by insufficient information. 

1. regularization, 

2. dropout techniques, 

3. data augmentation. 

 

We decide to do image data augmentation in 

Figure 2, and there is a kit from Keras that can 

easily meet our requirements, 

ImageDataGenerator. 

 

 

 

 

 

 

Fig. 2. Image Data Generator code segment. 

 

It provides parameters that can be chosen to 

modify. First, we rescale pixel values to 0~1. It is 

conducive to the convergence of the model, then 

we set width_shift_range and height_shift_range 

to 0.05. Both of them control the amount of 

translation of the image, and we set shear_range 

and zoom_range to 0.1, they can also control the 

content of the image. At last, we set 

validation_split to 0.2 for the validation dataset. 

 

After image data augmentation, our next step is to 

build a CNN model. We set two convolution 

layers combined with max pooling layers. The 

role of the pooling layer is to reduce noises and 

computing resources, and then we flatten the 

feature maps into vectors. 

 

Also, we use ReLU as our activation function, 

and we use softmax function in the output layer 

for multiple classification. Adding dropout is 

another way to prevent overfitting problem that 

has been mentioned above. 

 

Our initial code segment in Figure 3.  

 

 

 

 

 

 

Fig. 3. Initial CNN model code segment. 

 

Besides, we use Adam as our optimizer of 

learning rate, and we choose categorical cross-

entropy as our loss in CNN model. 

 

 

 

 

Fig. 4. CNN model compile code segment. 

 

4. EXPERIMENTS 

 

First, we choose 4 simple Chinese characters for 

experiment. It performs well so we turn to choose 

4 complex Chinese characters, and it performs 

well also. 

 

Then we combine 4 simple characters and 4 

complex characters as our training set. At the 

beginning, both training accuracy and validation 



accuracy is about 70%, and it performs badly at 

testing data. 

 

Therefore, we modify some of the parameters of 

the model, such as batch size, epoch, and the 

amount of the data augmentation. 

 

After trial and error in Figure 5, we achieve 95% 

accuracy in Figure 6 and performs nearly 

perfectly on testing data in Figure 7. 

 

 

 

 

 

 

 

 

 

 

Fig. 5. Accuracy on training data. 

 

 

 

 

 

 

Fig. 6. The result of CNN training. 

 

 

 

 

 

 

 

 

Fig. 7. The result on testing data. 

 

And then we try bigger data size, we found that 

the accuracy is still good when the amount of the 

training categories is about 200, but the accuracy 

gets worse and worse when the number of 

categories become bigger. 

 

Thus, we try to modify the parameter of the model, 

we change the set of ImageDataGenerator, 

shear_range is set to 0.2 and zoom range is set to 

0.2, and we add rotation to the training images, 

we set the rotation range to 15 degrees. 

 

After these steps above, we found that these 

settings are the best to our propose to make the 

training data more complex but still maintain the 

difference between different characters. 

 

Then we found that the size of the images is not 

fixed and may also affect the result, so we try 

many ways to solve the problem. 

 

First, we try fully-connected convolution layers, 

we found that although the problem is solved but 

the training result is not good enough. 

 

We turn to try setting only one image in a batch, 

but unfortunately the training time increase a lot, 

but the accuracy does not prove it is worth. 

 

Then we try padding different images to fixed-

size, after many experiments, we finally set the 

image size to (50, 60) pixels. 

 

Finally, we modify the structure and the 

parameters of the CNN model, which is the most 

important to the whole training process. 

 



Due to the number of categories of the characters 

given by the host of the competition, 800. Deeper 

neural network, bigger kernel size or more filters 

may be needed. After many experiments on the 

whole training dataset, we finally decide our 

CNN model in Figure 8. 

 

 

Fig. 8. CNN model code segment. 

 

We also add Early Stopping and reduce Learning 

Rate in the training process. It makes training 

time less and the convergence of validation 

accuracy fast and accurate in Figure 9. 

 

 

 

 

Fig. 9. EarlyStopping and ReduceLR code 

segment and results. 

 

On May 29, 2021, we achieve about 90% 

accuracy on validation data and 81.2% accuracy 

on 1,600 testing data and rank the 25th among 

more than 400 contestants on test match. 

We wish to solve the missed guessing problem in 

Figure 10 which is a common problem in 

character recognition and get better place in the 

final competition. 

 

 
Fig. 10. Wrong guess on testing data. 

 

Later, we try more on the training data and 

modify the parameters of the CNN model. 

 

First, we change the color of the images from 

RGB to grayscale in Figure 11. Since the change 

of the input dimension of the convolution layer, 

we have to modify and get another pair of 

parameters, it is another big work here. 

 

 

Fig. 11. RGB image and grayscale image. 

 

As the result, we cannot get better accuracy with 

grayscale images, so we turn to add more images 

to training data, because most of the images in the 

competition look like left of Figure 11, so we put 

blue characters and yellow in the background 

with some noises in our handcrafted images to 

simulate original images. 

 



Therefore, we create and label more images to 

each category, about 7,000 images among all 800 

categories. 

 

On June 13, 2021, we achieve about 92% 

accuracy on validation data and 84% accuracy on 

1,600 testing data. 

 

There are still few days left before the final 

competition, we might try adding new categories 

that do not belong to the original data to improve 

our result on handwritten character recognition. 

 

After the competition, we find that we failed on 

classifying the “isnull” category, the character 

that is not belong to the given 800 categories, we 

think it happens because we only use degree of 

certainty as our threshold, so we decide to solve 

the problem. 

 

We add the images given by the competition 

official that do not belong to the given 800 

categories to the “isnull” category, and then we 

also add some of the most common characters 

that are not belong to the given 800 categories to 

the “isnull” category, we confirm it will perform 

better in the competition.  

 

At last, we find that the imbalance of the training 

data may also causes serious problem, so we try 

under-sampling and oversampling to the training 

data. For under-sampling, we delete some images 

from categories that have bigger quantities; for 

oversampling, we copy existing images from 

categories that have smaller quantities, the goal of 

both methods is to balance the amount of the 

training data. 

After many experiments on both samplings, 

although the result of under-sampling is slightly 

better than oversampling, but we choose 

oversampling as our method to maintain the 

variety of the training data. 

 

Finishing all these steps above, we use Tpot, a 

machine learning kit from scikit-learn to fine-tune 

our parameters in Figure 12. 

 

 

Fig. 12. Tpot classifier. 

 

With our final version of model, we achieve 

93.69% accuracy on over 10,000 validation data 

and 88.18% accuracy on 1,600 testing data. 

 

There is our final version of our CNN model and 

results of training and testing. 

 

 

 

 

 

Fig. 13. Final CNN model and results. 

 



5. RESULTS 

 

We divide our recognition results into four 

categories. 

 

1. Correct and confident recognition 

 

 

 

 

 

 

 

2. Correct recognition without high confidence 

 

 

 



3. Incorrect but explainable recognition 

 

 

 

 

 

 

 

 

4. Incorrect and unexplainable recognition 

 

 

 

 

6. CONCLUSION 

 

We simply use CNN as our model for handwritten 

Chinese character recognition, for data 

preprocessing, we clean the data manually and we 

do data augmentation combined with image 

creation for various image data, we also do 



oversampling to balance the amount of the data; 

for training, we add two convolution layers with 

max pooling layers in neural network and also do 

batch normalization and dropout for preventing 

overfitting, in addition, early stopping and 

declining learning rate are added in training to 

improve our performance and reduce the 

convergence time of CNN training.  

 

In the future, we hope to try more parameters to 

fine-tune techniques or more interesting models 

on handwritten Chinese character recognition like 

RCNN, ResNetV2 and so on.            
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