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Random Forest Clustering Based on Valley Detection and Three-Way Ensemble

Selection
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Abstract: As an unsupervised learning method, although random forest clustering demonstrates strong
robustness in processing high-dimensional and complex data, it still faces challenges such as weak
discriminability of original data caused by the introduction of negative samples and the interference of noisy
decision trees on clustering performance. To address these issues, this paper proposes a random forest
clustering based on valley detection and three-way ensemble selection (VDTES-RFC) method. First, the
valley detection technology is utilized to identify potential split points for generating training data, and the
Gini index is calculated to determine the optimal split points to complete the training of the classification
forest. Second, each decision tree is treated as a base clusterer to extract its similarity matrix, and a three-
way ensemble selection strategy is adopted to select high-quality decision trees to construct a new forest.
Finally, a consensus function is used to integrate the similarity matrices to obtain the final clustering result.
Experimental results demonstrate that this method effectively improves clustering accuracy and robustness,
achieving dual optimization of efficiency and performance.

Highlights:

1. The paper proposes a valley detection and three-way ensemble selection-based random forest clustering
(VDTES-RFC) method to overcome original data discriminability loss and noisy decision tree interference.
2. The paper develops a dual-stage clustering scheme centered on potential split point optimization and
dynamic tree filtering. It aligns Gini index-based data partitioning with similarity matrix extraction to ensure
high-quality base clusterers.

3. The paper adopts a three-way ensemble selection strategy combined with a consensus function to filter
high-quality decision trees. It achieves a dual optimization of clustering efficiency and performance.
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Table 2 Comparison of method performance on real datasets

Wine Seeds
Method
ACC NMI ARI ACC NMI ARI
VDTES-RFC 0.930 0.776 0.793 0.848 0.645 0.638
RatioRF 0.888 0.747 0.755 0.817 0.610 0.569
m_Shi 0.797 0.618 0.565 0.729 0.491 0.430
m_Zhu2 0.863 0.685 0.665 0.798 0.600 0.548
m_Zhu3 0.881 0.732 0.741 0.802 0.599 0.566
m_Ting 0.874 0.721 0.709 0.804 0.604 0.560
Movementlibras OlivettFaces
Method

ACC NMI ARI ACC NMI ARI
VDTES-RFC 0.464 0.569 0.289 0.665 0.809 0.505
RatioRF 0.442 0.538 0.267 0.663 0.788 0.494
m_Shi 0.446 0.528 0.251 0.592 0.749 0.351
m_7Zhu2 0.452 0.537 0.263 0.605 0.804 0.497
m_Zhu3 0.455 0.538 0.255 0.633 0.806 0.492
m_Ting 0.434 0.531 0.254 0.609 0.765 0.424

Method Control Vowel
ACC NMI ARI ACC NMI ARI
VDTES-RFC 0.755 0.773 0.632 0.359 0.364 0.171
RatioRF 0.656 0.749 0.576 0.289 0.301 0.119
m_Shi 0.605 0.732 0.529 0.238 0.237 0.060
m_Zhu2 0.664 0.746 0.559 0.264 0.276 0.099
m_Zhu3 0.689 0.762 0.588 0.288 0.296 0.116
m_Ting 0.702 0.742 0.586 0.278 0.276 0.108

Method Dig MSRA
ACC NMI ARI ACC NMI ARI
VDTES-RFC 0.675 0.655 0.546 0.543 0.617 0.376
RatioRF 0.669 0.639 0.525 0.533 0.600 0.346
m_Shi 0.509 0.486 0.287 0.503 0.567 0.315
m_Zhu2 0.648 0.617 0.488 0.527 0.597 0.350
m_Zhu3 0.659 0.643 0.493 0.507 0.581 0.325

m_Ting 0.664 0.629 0.515 0.526 0.598 0.354
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Fig.3 ACC and NMI with different value of parameter 7
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Table 3 Results of experiments with different threshold combinations

HEH A (a,pB) Control Movementlibras Vowel
a A ACC NMI ACC NMI ACC NMI ACC NMI
0.6 0.730 0.774 0.442 0.551 0.553 0.593 0.325 0.324
0.2 0.7 0.736 0.776 0.447 0.562 0.542 0.593 0.332 0.332
0.8 0.731 0.753 0.472 0.576 0.548 0.595 0.323 0.324
0.9 0.741 0.770 0.457 0.559 0.534 0.585 0.309 0.304
0.6 0.733 0.754 0.444 0.550 0.561 0.606 0.339 0.349
0.3 0.7 0.724 0.755 0.450 0.547 0.569 0.613 0.335 0.339
0.8 0.770 0.787 0.450 0.552 0.544 0.594 0.324 0.321
0.9 0.734 0.771 0.442 0.547 0.547 0.586 0.325 0.323
0.6 0.728 0.761 0.451 0.552 0.559 0.605 0.327 0.326
0.4 0.7 0.737 0.775 0.447 0.551 0.546 0.592 0.312 0.300
0.8 0.736 0.773 0.460 0.562 0.536 0.588 0.335 0.336
0.9 0.752 0.762 0.466 0.566 0.539 0.587 0.309 0.296
0.6 0.698 0.745 0.455 0.565 0.538 0.589 0.332 0.334
0.5 0.7 0.715 0.749 0.436 0.537 0.541 0.586 0.334 0.328
0.8 0.717 0.754 0.470 0.564 0.542 0.594 0.314 0.307
0.9 0.731 0.774 0.445 0.547 0.536 0.587 0.329 0.333
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Table 4 Results of ablation experiments

Wine Seeds
Method
ACC NMI ARI ACC NMI ARI
VDTES-RFC 0.930 0.776 0.793 0.848 0.645 0.638
VDTES-RFC-V 0.916 0.759 0.784 0.840 0.639 0.623
VDTES-RFC-E 0.913 0.756 0.757 0.823 0.615 0.602
VDTES-RFC-VE 0.888 0.747 0.755 0.817 0.610 0.569
Movementlibras OlivettFaces
Method
ACC NMI ARI ACC NMI ARI
VDTES-RFC 0.464 0.569 0.289 0.665 0.809 0.505
VDTES-RFC-V 0.450 0.555 0.275 0.664 0.802 0.499
VDTES-RFC-E 0.446 0.552 0.272 0.664 0.807 0.504
VDTES-RFC-VE 0.442 0.538 0.267 0.663 0.788 0.494
Control Vowel
Method
ACC NMI ARI ACC NMI ARI
VDTES-RFC 0.755 0.773 0.632 0.359 0.364 0.171
VDTES-RFC-V 0.731 0.769 0.625 0.294 0.305 0.123
VDTES-RFC-E 0.731 0.767 0.612 0.335 0.350 0.159
VDTES-RFC-VE 0.656 0.749 0.576 0.289 0.301 0.119
Dig MSRA
Method
ACC NMI ARI ACC NMI ARI
VDTES-RFC 0.675 0.655 0.546 0.543 0.617 0.376
VDTES-RFC-V 0.670 0.650 0.533 0.538 0.602 0.361
VDTES-RFC-E 0.670 0.649 0.536 0.567 0.604 0.360

VDTES-RFC-VE 0.669 0.639 0.525 0.533 0.600 0.346
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Table 5 Running time S
B m_Shi m_Zhu2 m_Zhu3 m_Ting RatioRF VDTES-RFC
Wine 3.12 3.49 4.12 4.20 3.45 3.08
Seeds 3.41 4.05 4.73 4.89 4.00 2.84
Movementlibras 14.18 15.35 17.40 17.40 15.35 14.17
OlivettFaces 15.43 17.77 22.64 22.64 17.53 15.41
Control 33.35 37.37 46.11 50.64 37.65 25.64
Vowel 28.83 50.47 186.28 142.23 48.35 23.81
Dig 22.02 199.77 1320.11 883.30 152.37 41.76
MSRA 81.39 123.71 456.44 354.34 124.27 112.19
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Random Forest Clustering Based on Valley Detection and Three-Way Ensemble

Selection

TAN Cheng, LI Jinyu, ZHANG Wenbin", DU Mingjing

(Jiangsu Key Laboratory of Educational Intelligent Technology, School of Artificial Intelligence and Computer Science, Jiangsu

Normal University, Xuzhou 221116, China)

Abstract: As an unsupervised learning method, although random forest clustering demonstrates strong
robustness in processing high-dimensional and complex data, it still faces challenges such as weak
discriminability of original data caused by the introduction of negative samples and the interference of noisy
decision trees on clustering performance. To address these issues, this paper proposes a random forest
clustering based on valley detection and three-way ensemble selection (VDTES-RFC) method. First, the
valley detection technology is utilized to identify potential split points for generating training data, and the
Gini index is calculated to determine the optimal split points to complete the training of the classification
forest. Second, each decision tree is treated as a base clusterer to extract its similarity matrix, and a three-
way ensemble selection strategy is adopted to select high-quality decision trees to construct a new forest.
Finally, a consensus function is used to integrate the similarity matrices to obtain the final clustering result.
Experimental results demonstrate that this method effectively improves clustering accuracy and robustness,
achieving dual optimization of efficiency and performance.

Highlights:

1. The paper proposes a valley detection and three-way ensemble selection-based random forest clustering
(VDTES-RFC) method to overcome original data discriminability loss and noisy decision tree interference.
2. The paper develops a dual-stage clustering scheme centered on potential split point optimization and
dynamic tree filtering. It aligns Gini index-based data partitioning with similarity matrix extraction to ensure
high-quality base clusterers.

3. The paper adopts a three-way ensemble selection strategy combined with a consensus function to filter
high-quality decision trees. It achieves a dual optimization of clustering efficiency and performance.

Key words: decision tree; random forest clustering; valley detection; cluster ensemble selection; three-way

decisions
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