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Abstract: A good feature expression is the key to improve model performance. However, at present, artificially de-
signed features are used for multi-label learning. Thus, the level of abstraction of the extracted features is low and lacks
the discriminated information involved. To solve this problem, this paper proposes a multi-label classification model
based on convolutional neural network (ML _DCCNN). This model uses the powerful feature extraction capabilities of
CNNs to automatically learn the features from the data. To solve the problem of high forecasting precision versus long
training time of CNNs, the ML_DCCNN uses the transfer learning method to reduce the training time of the model. In
addition, the entire connection layer of the CNN is improved by a dual-channel neuron, which can reduce the number of
parameters of the fully connected layer. The experiments show that compared with the traditional multi-label classifica-
tion algorithm and existing multi-label classification model based on deep learning, the ML DCCNN maintains high
classification accuracy and can effectively improve the classification efficiency, presenting certain theoretical and prac-
tical value.
Keywords: multi-label learning; convolutional neural network; transfer learning; fully-connected layer; feature expres-
sion; multi-label classification; deep learning; loss function
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Fig.1 Convolutional neural network structure
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Fig. 2 Multi-label classification algorithm framework based on improved convolution neural network
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Table 3 Average effect comparison of two fully connected

layers
PRag FC DC NUM
plane 0.040 1 0.050 1 5
bike 0.0512 0.057 4 8
bird 0.060 8 0.0550 6
boat 0.0315 0.022 4 5
bottle 0.027 1 0.028 9 4
bus 0.027 0 0.026 6 2
car 0.130 6 0.1312 15
cat 0.0385 0.0359 4
chair 0.045 6 0.047 7 9
cow 0.0177 0.020 5 1
table 0.0200 0.024 0 5
dog 0.0515 0.0512 7
horse 0.023 1 0.026 5 4
motor 0.046 2 0.053 4 6
person 0.253 4 0.234 6 47
plant 0.0336 0.009 5 2
sheep 0.027 3 0.030 8 4
sofa 0.0233 0.029 0 4
train 0.0295 0.036 8 4
TV 0.0220 0.028 5 1
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Table4 Comparison of AP of algorithm on PASCAL
VOC2007 data set
e d=10 d-8 d=5 a=2
plane 0.941 0.945 0.953 0.947
bike 0.905 0911 0.910 0.905
bird 0.903 0.897 0.909 0.913
boat 0.895 0.892 0.906 0.905
bottle 0.685 0.677 0.682 0.708
bus 0.913 0.906 0.918 0.940
car 0.938 0.929 0.925 0.952
cat 0.902 0.906 0.913 0.939
chair 0.576 0.565 0.569 0.602
cow 0.771 0.762 0.767 0.795
table 0.747 0.756 0.785 0.781
dog 0.924 0.917 0.955 0.943
horse 0.895 0.903 0.940 0.947
motor 0.887 0.879 0.919 0.926
person 0.935 0.941 0.958 0.952
plant 0.652 0.665 0.709 0.712
sheep 0.838 0.862 0.889 0.886
sofa 0.702 0.797 0.783 0.793
train 0.933 0.960 0.955 0.957
vV 0.781 0.808 0.816 0.811
mAP 0.836 0.844 0.858 0.866
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Fig. 6 Effect of dual-channel neuron ratio Aon the mAP
and ratio 8 of parameter reduction
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Table 5 Comparison of AP of different classification algorithms on PASCAL VOC2007 data set
e INRIA FV GS-MKL PRE-1000C HCP-1000  CNN-SoftMax ML DCCNN
plane 0.772 0.757 0.794 0.885 0.951 0.965 0.941
bike 0.693 0.648 0.624 0.815 0.901 0.932 0.905
bird 0.562 0.528 0.585 0.879 0.928 0.942 0.903
boat 0.666 0.706 0.702 0.820 0.899 0.927 0.895
bottle 0.455 0.300 0.466 0.475 0.515 0.703 0.685
bus 0.681 0.641 0.623 0.755 0.800 0.956 0.913
car 0.834 0.775 0.756 0.901 0.917 0.955 0.938
cat 0.536 0.555 0.549 0.872 0.916 0.943 0.902
chair 0.583 0.556 0.638 0.616 0.577 0.609 0.576
cow 0.511 0.418 0.407 0.757 0.778 0.805 0.771
table 0.622 0.563 0.583 0.673 0.709 0.781 0.747
dog 0.452 0.417 0.516 0.855 0.893 0.955 0.924
horse 0.784 0.763 0.792 0.835 0.893 0.945 0.895
motor 0.697 0.644 0.681 0.800 0.854 0.932 0.887
person 0.861 0.827 0.871 0.956 0.930 0.952 0.935
plant 0.524 0.283 0.495 0.608 0.640 0.704 0.652
sheep 0.544 0.397 0.488 0.768 0.857 0.891 0.838
sofa 0.543 0.566 0.564 0.580 0.627 0.787 0.702
train 0.758 0.797 0.759 0.904 0.944 0.962 0.933
TV 0.621 0.515 0.544 0.779 0.783 0.803 0.781
mAP 0.635 0.583 0.622 0.777 0.815 0.873 0.836
R 6 AEHDLEEE AP 7 PASCAL VOC2012 #1336 F AL
Table 6 Comparison of AP of different classification algorithms on PASCAL VOC20012 data set
b PRE-1000C PRE-1512 HCP-1000 CNN-SoftMax ML DCCNN
plane 0.935 0.946 0.977 0.982 0.968
bike 0.784 0.829 0.830 0.941 0.913
bird 0.877 0.882 0.932 0.927 0.895
boat 0.809 0.841 0.872 0.930 0.904
bottle 0.573 0.603 0.596 0.695 0.667
bus 0.850 0.890 0.882 0.933 0.906
car 0.816 0.844 0.819 0.929 0.895
cat 0.894 0.907 0.947 0.952 0.922
chair 0.669 0.721 0.669 0.706 0.664
COW 0.738 0.868 0.816 0.885 0.853
table 0.620 0.690 0.680 0.803 0.753
dog 0.895 0.921 0.930 0.920 0911
horse 0.832 0.934 0.882 0.935 0.893
motor 0.876 0.886 0.877 0.932 0.898
person 0.958 0.961 0.927 0.956 0.936
plant 0.614 0.643 0.590 0.683 0.645
sheep 0.790 0.866 0.851 0.892 0.855
sofa 0.543 0.623 0.554 0.736 0.697
train 0.880 0911 0.930 0.953 0.926
TV 0.783 0.798 0.772 0.828 0.812
mAP 0.787 0.828 0.817 0.876 0.846
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