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A maximum entropy clustering algorithm based on
knowledge transfer and its application to texture image segmentation

CHENG Yang, JIANG Yizhang, QIAN Pengjiang, WANG Shitong
(School of Digital Media, Jiangnan University, Wuxi 214122, China)

Abstract : In this paper, we propose a novel technique for maximum entropy clustering (MEC) based on knowledge
transfer. More specifically, we aim to solve the following two challenging questions. First, how can knowledge be
appropriately selected from a source domain to enhance clustering performance in the target domain via transfer
learning? Second, how best do we conduct transfer clustering if the number of clusters in the source domain and the
target domain are inconsistent? To address these questions, we designed a new transfer clustering mechanism called
the central matching transfer mechanism, which we based on clustering centers. Further, we developed a knowl-
edge-transfer-based maximum entropy clustering ( KT-MEC) algorithm by incorporating our mechanism into the
classic MEC approach. Our experimental results reveal that our proposed KT-MEC algorithm achieves a higher level
of accuracy and better noise immunity than many existing methods when applied to texture image segmentation in
different transfer scenarios.
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Fig.1 The description of the problem
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Table 2 Performance comparison of algorithms when the number of clusters of source domain and target domain are same

B BRAEEL D MEC CombKM DRCC STC TSC KT-MEC

NMI-mean 0.4151 0.250 0 0.248 0 0.498 6 0.5133 0.633 6

r NMI-std 0.005 2 0.030 8 0.0213 0 0.006 6 0.004 9

RI-mean 0.826 8 0.753 2 0.790 5 0.869 0 0.8772 0.906 3

Rl-std 0.008 7 0.015 4 0.003 7 0 0.002 2 0.001 1

NMI-mean 0.3027 0.2311 0.226 4 0.369 6 0.3470 0.5350

" NMI-std 0.004 8 0.048 1 0.018 8 0 0 0.009 1

RI-mean 0.7777 0.706 3 0.778 3 0.783 9 0.770 8 0.856 9

Rl-std 0.005 2 0.028 7 0.001 5 0 0 0.0124

NMI-mean 0.603 9 0.609 2 0.3422 0.651 1 0.610 4 0.6198

; NMI-std 0.0359 0.024 0 0.024 1 0 5.77x107 0.003 2
5

RI-mean 0.8553 0.861 1 0.7849 0.8877 0.8726 0.864 4
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NMI-mean 0.4557 0.426 1 0.2413 0.549 7 0.5511 0.6147

" NMI-std 0.0197 0.0193 0.0143 0 0 0.001 1

RI-mean 0.817 8 0.808 2 0.784 8 0.8472 0.849 6 0.8757
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Table 3 Performance comparison of algorithms when the number of clusters of source domain and target domain are different

LIRS AL MEC CombKM DRCC STC TSC KT-MEC
NMI-mean 0.464 4 0.5557 — — — 0.650 1

I, NMI-std 0.000 2 0.020 1 — — — 7.064x107°
Rl-mean 0.7817 0.7310 — — — 0.836 0

Rl-std 0.000 1 0.0220 — — — 5.90x107°
NMI-mean 0.268 0 0.508 7 — — — 0.762 8

. NMI-std 0.0050 0.069 0 — — — 1.11x107"
Rl-mean 0.6872 0.657 8 — — — 0.916 8

Rl-std 0.0020 0.088 8 — — — 1.35x107'"°
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Segmentation results of clustering algorithms for
noisy texture images with the different number
of clusters between source domain and target do-
main
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