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[Abstract]

In this paper, we proposes a Convolutional Neural Networks(CNN) equipped with Batch Normalization(BN)
for handwritten digit recognition training the MNIST dataset. Aiming to surpass the performance of LeNet-5
by LeCun et al., a 6-layer neural network was designed. The proposed model processes 28x28 pixel images
through convolution, Max Pooling, and Fully connected layers, with the batch normalization to improve learning
stability and performance. The experiment utilized 60,000 training images and 10,000 test images, applying the
Momentum optimization algorithm. The model configuration used 30 filters with a 5x5 filter size, padding 0,
stride 1, and ReLU as activation function. The training process was set with a mini-batch size of 100, 20 epochs
in total, and a leaming rate of 0.1. As a result, the proposed model achieved a test accuracy of 99.22%, surpassing
LeNet-5's 99.05%, and recorded an Fl-score of 0.9919, demonstrating the model's performance. Moreover, the
6-layer model proposed in this paper emphasizes model efficiency with a simpler structure compared to LeCun
et al.'s LeNet-5 (7-layer model) and the model proposed by Ji, Chun and Kim (10-layer model). The results
of this study show potential for application in real industrial applications such as Al vision inspection systems.

It is expected to be effectively applied in smart factories, particularly in determining the defective status of parts.
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I. Introduction
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Table 1. Test accuracy in previous studies
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Fig. 2. A proposed CNN Model equipped with BN
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network = SimpleConvNet(input_dim=(1,28,28),
conv_param = {'filter num": 30,
'filter_size": 5, 'pad”: 0, 'stride’: 1},
hidden_size=100, output_size=10,
weight_init_std=0.01)

self.layers = OrderedDict()
self.layers['Convl'] = Convolution(self.params['W1'],
self.params['b1'],

conv_param['2~E2}0|E", conv_param['I}E17)
self layers['25+1"] = Relu()

selflayers["=2/2'] = Pooling(pool h=2, pool w=2,
_ stride=2)
self.layers['O}E3" = Affine(self params['W2],
N self.params['b2'T)
self layers[ B X247 =
BatchNormalization(gamma=np.ones(100),

e beta=np.zeros(100))

selflayers['ZF2'T = Relu()
self.layers['ﬁﬂS‘] = Affine(self params['W3'],
self.params['b3'])

selflast_layer6 = SoftmaxWithLoss()
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Table 3. Detailed comparison of CNN with BN (2018) and the proposed CNN with BN
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