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Abstract: In the era of big data, data is showing an exponential growth trend. The hierarchical structure of categories among data
makes the classification learning task more efficient. However, existing hierarchical classification feature selection algorithms do not
fully reflect the discriminative nature of intra-class features. This paper proposes a hierarchical classification feature selection algo-
rithm based on orthogonal constraints and maximizing the discriminative nature of intra-class featurestHFSOC). The algorithm uti-

lizes an improved orthogonality constraint formula to measure inter-class independence and orthogonalizes the individual column
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vectors of each internal node's feature matrix to each other to improve the discriminative property of intra-class features after using
sparse regularization terms to remove irrelevant features. Finally, the output feature weight matrix is optimized using recursive regu-
larization terms. The experimental results show that the algorithm proposed in this paper achieves certain results on five datasets,
and its classification accuracy is improved by about 17% compared to HFisher's algorithm on the DD dataset, by about 10% com-
pared to efficient and robust feature selection via joint {,,;-norms minimization algorithm (HFSNM) on both the F194 dataset and the
CLEF dataset, and by about 1% compared to HFSNM's algorithm on the ILSVRC dataset.

Key words: feature selection; sparse learning; hierarchical tree structure; orthogonal constraint; recursive regularization
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Table 2 Classification accuracy of algorithm HFSOC versus six comparison algorithms on each dataset

Hinse HFisher HESNM HEFSDK Hier FS HiRRfam-FS HFS-MIMR HFSOC
F194 0.2577 0.2451 0.3352 0.3310 0.3380 0.3451 0.345 8
DD 0.520 7 0.682 8 0.687 7 0.682 7 0.686 1 0.687 8 0.699 1
CLEF 0.580 4 0.5240 0.6251 0.6219 0.616 6 0.6188 0.629 4
VOC 0.393 4 0.403 3 0.4302 0.4190 0.424 3 0.428 8 0.4251
ILSVRC 0.850 1 0.843 1 0.8509 0.8509 0.849 7 0.8510 0.852 1

T A FRTEM IR ARAE AR

R3 HEHFSOC 5 6 /-3¢ rb ik /5 & A4 35 45 L 44 Hierarchical-F1 measure( 4 )

Table 3 Hierarchical-F1 measure of algorithm HFSOC versus six comparison algorithms on each dataset

Blade HFisher HFSNM HFSDK Hier FS HiRRfam-FS HES-MIMR HFSOC
F194 0.6758 0.646 2 0.709 2 0.708 9 0.7117 0.714 6 0.716 2
DD 0.774 1 0.852 4 0.8590 0.858 4 0.860 6 0.861 2 0.8650
CLEF 0.739 5 0.7100 0.7725 0.7657 0.762 8 0.766 9 0.773 9
VOC 0.657 6 0.673 9 0.6777 0.6754 0.6758 0.679 4 0.678 3
ILSVRC 0.9580 0.956 3 0.959 3 0.959 1 0.958 8 0.958 9 0.959 5

e A TRV ARl B R
F4 AR EFEHFSOCH 6 AT ik £ AAHIEE L TIE( V)

Table 4 TIE of algorithm HFSOC versus six comparison algorithms on each dataset

YIS HFisher HFSNM HFSDK Hier FS HiRRfamFS HES-MIMR HFSOC
F194 1.945 2.123 1.750 1.746 1.730 1.728 1.721
DD 1.230 0.830 0.850 0.850 0.836 0.826 0.818

CLEF 2.010 2.240 1.760 1.796 1.758 1.794 1.746
VOC 2.279 2.220 2.120 2.143 2.138 2.115 2.126

ILSVRC 0.336 0.350 0.334 0.328 0.329 0.327 0.323

T v FORTPN TR AR SR E VB o
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Fig. 1 Verification of HFSOC algorithm performance by Bonferroni-Dunn test
(The numerical horizontal axis of the figure indicates the average performance ranking of each algorithm, and the CD line indicates
the value of the smallest difference between two algorithms that can be considered statistically significant. If there is no line be-
tween two algorithms in the figure, it means that there is a significant difference between these two algorithms; conversely, if there is
a line, the difference is not significant. This figure illustrates that there is a significant difference between the HFSOC algorithm and
the HFisher and HFSNM algorithms. )
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Fig. 2 Results of ablation experiments on various datasets

Hierarchical-F1 measure

((a—d) and (e) represent the statistical comparison plots of the Hierarchical-1 measure values for different model combinations on the
F194 dataset, the DD dataset, the CLEF dataset, the VOC dataset and the ILSVRC dataset, respectively, which in turn validate the ef-
fectiveness of the HFSOC algorithm. The horizontal axes in (a—d), and () all denote the formulas for the four different model com-

binations, and the vertical axes all denote the Hierarchical-F1 measure values. )
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Fig. 3 Parameter sensitivity analysis
(Figures (a—d), and (e) represent the parameter sensitivity analysis on the F194 dataset, the DD dataset, the CLEF dataset, the VOC
dataset, and the ILSVRC dataset, respectively, and the horizontal axis of each figure represents the parameter values, and the vertical

axis represents the Hierarchical-F'1 measure values. )
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Fig. 4 Number of iterations for the value of the objective function
(Figures (a—d) and (e) represent the convergence of the objective function on the F194 dataset, the DD dataset, the CLEF dataset,
the VOC dataset, and the ILSVRC dataset, respectively, and the horizontal axes of the individual plots denote the number of itera-

tions, and the vertical axes denote the objective function values. )
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