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Cost-sensitive Convolutional Neural Network Based Hybrid Method for Imbalanced Data
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Abstract The imbalance classification is a common problem in the field of data mining. In general, the skewed distribution of data
makes the classification effect of the classifier unsatisfactory. As an efficient data mining tool, convolutional neural network is
widely used in classification tasks. However,if the training process is adversely affected by data imbalance,it will cause the classi-
fication accuracy of minority classes to decrease. Aiming at the classification problem of two-class unbalanced data, this paper pro-
poses a hybrid method for unbalanced classification problems based on cost-sensitive convolutional neural networks. The proposed
method first combines the density peak clustering algorithm with SMOTE, and preprocesses the data through oversampling to re-
duce the imbalance of the original data set. Then the cost sensitive is used to give different weights to different categories in the
unbalanced data. Additionally,the Euclidean distance between the predicted value and the label value is considered. The proposed
method assigns different cost losses to the majority class and the minority class in the unbalanced data to construct cost sensitivi-
ty convolutional neural network model to improve the recognition rate of convolutional neural network for minority classes. Six
different datasets are used to verify the effectiveness of the proposed method. The experimental results show that the proposed
method is able to improve the classification performance of the convolutional neural network model on unbalanced data.
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clusters<-DPC(X) BARX TR, IR R U F R B T E G

filtered clusters<—Q
for c€ clusters do

majority count(c) +1
minority count(c) +1

imbalance ratio<—

if imbalance ratio<<irt then
filtered clusters<filtered clustersU {c}
end
end
Step 2 X T FAREE R D BB BT FOR AR,
for {€ filtered clusters do
average minority distance ({)<-mean (enclidean distances (1))

minority count(f)

density factor (f)< — - -
v average minority distance ()%

sparsity factor (f)&.%
density factor(f)
end
sparsity sum=<— sparsity factor(f)
[€ filtered clusters
sparsity factor(f)
sparsity sum

Step 3 R SMOTE J5 3k 1E HARHE G OB HEAS M R A A 31
A A AR

generated samples<— Q)

sampling weight(f) <

for € filtered clusters do
number of samples < || nX sampling weight({) ||
generated samples <— generated samples U { SMOTE (f, number of

samples,knn) }

end

return generated samples
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Input: X_resampled (FALH 5 1) B0 s 4
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Output: trained_construct_ CNN

Net<—construct_ CNN

Weights, biases<—initialize_ Net

for i€ [1.num_steps] do

grad<-FCE loss function

weights, biases<-updated_NetParameters

learning_rate=0.001/(1+10 * (float(i)/num_steps) * 0. 75

end

return trained_construct_ CNN
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Table 2 Fl-score on the six datasets with imbalance ratio 1:5
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