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Abstract

In view of the problems of the traditional k-means algorithm, such as the number of clusters k
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cannot be determined, the initial cluster center is randomly given, and it is easily affected by outli-
ers, this algorithm uses the LOF (Local Outlier Factor) outlier detection algorithm to calculate the
outlier factor of each data object in the data set and remove the data objects whose outlier factor is
greater than the specified threshold. The elbow method is used to determine the best k value that
meets the data set. The initial cluster center is selected based on the idea of maximum density and
maximum distance combined with the outlier factor of each point and the subsequent cluster center
iterations are performed. After clustering is completed, the idea of three-way decision is combined
to further optimize the data objects in each cluster of the clustering results. Experimental results
show that the ODT-kmeans algorithm can reasonably select the k value, reduce the influence of out-
liers, and eliminate the problem of randomly selecting the initial cluster center, thereby improving
the accuracy of the k-means clustering algorithm.
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Figure 2. The fifth reachable distance of data objects y1, y2 to x
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Figure 3. Comparison of algorithm effects Figure 1

3. BURMUIRRILLE 1

1 = ° . e
= -
‘ L 4 ° 3 "'
10 »
-l - - e 10 .. »
. C I dvoe o N : e
., - ° s ° 05 i
- ﬁ' . . ; °e, 3 bA 13
o] ® °q ‘.o ° N - .'0:5
'S o ® 00 oo
’ o®ey ”@ o P o g ]
05| 0% A ° o = ey ecte
L -2 .o —05 - -
e F o .
G = ] i -10 $~.
- arr
(c)ionosphere
lonae 60 28
75 26
50 . . 24
25 " .'.'. -
.
ol @ x ) .\".:. i a0
. ‘.&.' B &
'
-0 .:.;p.;“ - *%. 1
e =5 o 5 10 15 —200 o 200 400 600 —400  —200 o 200 400 600 800 1000 * o 2 4 6 8 10 12 14
(e)wisc (f)vehicle (g)wine (h)flame
OFMMK-kmeans
s
-
-
o
7
s0
25
-
. 5. o 5 10 15 200 o 200 400 600 -400  -200 o 200 400 600 800 1000 o 2 4 6 8 10 12 14
(e)wisc (f)vehicle (g)wine (h)flame

kmeansPA

Figure 4. Comparison of algorithm effects Figure 2

B 4. BRMRIIELE 2

DOI: 10.12677/csa.2025.152039 127 HEHLUREE 5 R


https://doi.org/10.12677/csa.2025.152039

(e)wisc (f)vehicle (g)wine (h)flame

ODT-kmeans

Figure 5. Comparison of algorithm effects Figure 3
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Iris ACC 0.7181 0.9000 0.8492 0.8867 0.9236

DOI: 10.12677/csa.2025.152039 128 TFENUER S N A


https://doi.org/10.12677/csa.2025.152039

gk
) DBI 0.5983 0.5651 0.5895 0.5651 0.5893
e NMI 0.7431 0.7661 0.7235 0.7419 0.7842
ACC 0.4907 0.5421 0.4968 0.5374 0.5860
glass DBI 0.7357 0.7484 0.6655 0.7426 0.7378
NMI 0.2862 0.4879 0.5128 0.3874 0.4775
ACC 0.7066 0.7037 0.7123 0.7066 0.7294
ionosphere DBI 0.7241 0.7230 0.7206 0.7241 0.7296
NMI 0.1270 0.1264 0.1349 0.1270 0.1688
ACC 0.5433 0.5144 0.5385 0.5529 0.5606
sonar DBI 1.0269 0.9693 1.0275 1.0228 0.9610
NMI 0.0058 0.0018 0.0058 0.0088 0.0113
ACC 0.9585 0.9628 0.9613 0.9613 0.9708
wisc DBI 0.4369 0.4370 0.4370 0.4370 0.4131
NMI 0.7361 0.7564 0.7495 0.7495 0.8008
ACC 0.4338 0.4279 0.4350 0.4515 0.4766
vehicle DBI 0.5219 0.5166 0.5388 0.6252 0.5848
NMI 0.1908 0.1889 0.1892 0.1846 0.2143
ACC 0.5787 0.7079 0.7022 0.5955 0.7126
wine DBI 0.5487 0.5304 0.5343 0.5572 0.5337
NMI 0.4140 0.4193 0.4288 0.4102 0.4325
ACC 0.7985 0.8375 0.8038 0.8458 0.9220
flame DBI 1.1184 1.1193 1.1171 1.1171 0.9553
NMI 0.3989 0.3989 0.4521 0.4343 0.6058

5.2. SKERIH

I 3 xS Ee Rl DU t ODT-kmeans 50325 1) 525 S INFF & 1M, 1X 24 ODT-kmeans A 7E ik
ENHT46 RS O A BOHERR T BB A s, (R GEE T Ak e K I X S R AU o G IR R 2
O, A ROEE G T IR FE AR D AR S AT REME, P2 T RN . [ ODT-kmeans HiAE43
B S B — DA 7 BT R AR 10 35, AR 11X 43 B T #25. 1fi k-means 572, OFMMK-kmeans
Bk kmeansPA SVAMISE AR 22, R AT 6 A X S VA AR B A6 R 2O SR B LRI, Wl RES
I LG O R B SEBR IR AR TR 280 T, I P BRI G, @i EIPU AT %1, ODT-kmeans 5
TERTIE B s 4 _EAS T LR AR R B B R 3, JUILAE iris. glass. vehicle. wine. flame %
PG E RS HER AN T kmeans BVEERE T KIREESETE, AN T HAh =M EE A & A FIEEZ Tt
7t ionosphere. sonar. wisc H#E5E b, S EIARHEF R A BT, {2 ODT-kmeans HHERA AR L AR
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®iE, XA 1 ODT-kmeans SFEVEREARE, AL 1 iZGk i, v LUEH T 2 M.

M L HIFRRRRE, k-means HVEE 2 M ERE LRI T RUE IVERE, FEAZLE iris A1 wine HdE
£ F, HUEMRACC) ) HAF 1 0.9236 1 0.7126, s R R . SR, k-means HEX W1 4A
RO IR U B DA B AR BROE AR BN 22 S BB A%, IXAE jonosphere 5 FARIAS L A B
i, L ACC XK, [Fl DBI AR &, RHERIE R B EAE I, IK-DM 5IETE glass #E4E L
IR H, ACC sk 0.5860, H DBI Al NMI AR tAHXT LT, Bon HiZ BVATEAL I B A 2 4451
MR R B — B3 . th4h, IK-DM BT R R JEmE 5w, T REANE H T R 4k .
OFMMK-kmeans 5% 7F ionosphere $#E 4 £, H ACC A% T 0.7294, & T k-means 532, H NMIH
W, RPARRERE BRSPS B EE R . AL vehicle £#E4E - OFMMK-kmeans ff]
ACC I NMI ¥, 7T Re 5 HX e @ BOE R AE M BUR LG O¢ . kmeansPA BEATERT & £l 42 L in flame
RIS, ACC ik 0.9708, H DBI Fl NMIAESHEHR, ot b e 0 38 2 &M B 4T (SR 255 ) 4 8
FE o SRIMAE wine ##5 4 b, H ACC {4 0.5955, imfik T HAth &%, I ACC iIX—484r>k%E, ODT-kmeans
BELE iris BE 4 L ACCIAE] 1 0.9236, HH#: T k-means 59%:(0.7181) A1 Ho At b 3 40 1K-DM (0.8492)
OFMMK-kmeans (0.8867)%%, A% RIS XFHEFAMUAIL T ODT-kmeans HIETERFAE S HUAN R
KXoy ERREUERE, L T A AL B R B AR I (KRR KRR 7). 7E flame HdEAE |, IK-DM BEM:
REMIERTHIEA R, B T iZEEA B AR BRE AR A AE — € B JR PR . il ODT-kmeans AHX T~ HoAth 526
BOETESRRE A BRI TE. 2B, 7E glass. ionosphere 2585445 |, ODT-kmeans &i: EIRE I T4
Ff ACC fH, HE— BIRiE 7 5 2 G A Al . 7E 2 AN K048 I, ODT-kmeans HATE AR EF AR
DBI {E RN, HIR1S T8 H NMIE . 7E glass #dfi4E [, ODT-kmeans &1 DBI {E >4 0.7378, #H
BT HoAh SR G0 k-means (0.7484) 4545 T A%, 11 NMI(E AR 1 0.4775, 53 & TH8 0 A bb 5y, iX b
TERKR BN FREMAL, 415 ODT-kmeans Hi%7E H R R BAL S h B B2 5 ). fEA
[F) #5545 b, ODT-kmeans 575 58 1t B35 ORIFAE — AR AR (UK, WA H IR IR BE 1R 3l - ODT-
kmeans 5LVE7E SR B AL LI R BRBCRAA T R E S, 1L iris. glass. wine. flame £(#5 4 XS 4%
4t k-means HARFILMAER R DIRE T 10%, [FIR A SCRVETT DR 2 R A SR SR I B i k (i, T DAk
— PR RRMUR, LA PASGAE ODT-kmeans 15245 3T 471
6. it

AICHEH T ODT-kmeans 502, A LOF B s Al Sk bR T 2R 48 R 0 ss BE si T8, AR F A
PHAE T R BB Rt KBS, R B SR 7 iR A B R 5 SR ) LA R &5 1 551 LOF {ESRIE L]
Bt L FFHEIT k-means 3, a4 A = SR SR IBAR SRR EE BT, A RUR R T A58 k-means 1%
BIhE L BENLIEEE 0 [ BRI ETR ENGR E 255 2 BRI mem . AR i 1) . 76 % P 4
b sREG S5 KRB ODT-kmeans 512 AH%S T kmeans SERIHER R AR 1 BA B9 m, (AR SCAEN B
T RO T O I8 BN PR U R BEE A R e, Al B I 1 B A S HERR BB 2 & Ja i 9 IR B A
=

WG IRV R 220 — i - $ iy A A 55 7% 0 &= T H (1504120015); A 7K ITE K0k HAHLRH S 515 B
TREERBE U #F R T H (JKYJIGY202205)

SE

[1] Brown, D., Japa, A. and Shi, Y. (2019). A Fast Density-Grid Based Clustering Method. 2019 IEEE 9th Annual

DOI: 10.12677/csa.2025.152039 130 PR 55


https://doi.org/10.12677/csa.2025.152039

AW, FEIE

(2]

(3]
(4]

(5]

(6]

[7]
(8]

(9]
[10]
[11]
[12]
[13]

[14]

[15]
[16]
[17]
(18]

[19]
[20]
[21]

[22]
[23]
[24]

[25]

Computing and Communication Workshop and Conference (CCWC), Las Vegas, 7-9 January 2019, 48-54.
https://doi.org/10.1109/ccwc.2019.8666548

Xu, C., Lin, R., Cai, J. and Wang, S. (2022) Deep Image Clustering by Fusing Contrastive Learning and Neighbor
Relation Mining. Knowledge-Based Systems, 238, Article 107967. https://doi.org/10.1016/j.knosys.2021.107967

FI, REIIES. EETHEREE O K-Means BVE[]. B R SR, 2023, 41(11): 140-142.

Hu, H., Liu, J., Zhang, X. and Fang, M. (2023) An Effective and Adaptable K-Means Algorithm for Big Data Cluster
Analysis. Pattern Recognition, 139, Article 109404. https://doi.org/10.1016/j.patcog.2023.109404

Shrifan, N.H.M.M., Akbar, M.F. and Isa, N.A.M. (2022) An Adaptive Outlier Removal Aided K-Means Clustering Al-
gorithm. Journal of King Saud University—Computer and Information Sciences, 34, 6365-6376.
https://doi.org/10.1016/j.jksuci.2021.07.003

IR, XU, AR HE TR RS AT R B0 K-Means BEIHOAN]. BUMA S5 808, 2022,
36(1): 47-65.

SCHR. T RAHTIATR S 0 K-Means BEHBLIED]. BHEIA, 2022(4): 63-65.

AL, FIGE, XUER, A LA SRS 0 BN O K-Means BL ST RISH ML RARIF AL, THSHLR
2%, 2022, 49(1): 121-132.

KR, HHit, TR, ST BRI R AL K-Means SEE[). FSEHL TR SR, 2017, 39(6):
1164-1170.

BRI, LM, S, 2 AT ORIEHE K-Means B4 [J]. /N GAELHHEHL RS, 2018, 39(8): 1819-
1823.

B F, RE, XEE. ETHREERERYIGEREPOLHT K-Means RHEHILN]. 5 0K, 2021,
36(12): 3083-3090.

Hodge, V. and Austin, J. (2004) A Survey of Outlier Detection Methodologies. Artificial Intelligence Review, 22, 85-
126. https://doi.org/10.1023/b:aire.0000045502.10941.a9

Du, X., Yu, J, Ye, L., et al. (2020) Outlier Detection Algorithm Based on Graph Random Walk. Journal of Computer
Applications, 40, Article 1322.

Breunig, M.M., Kriegel, H., Ng, R.T. and Sander, J. (2000) LOF: Identifying Density-Based Local Qutliers. Proceedings
of the 2000 ACM SIGMOD International Conference on Management of Data, Dallas, 15-18 May 2000, 93-104.
https://doi.org/10.1145/342009.335388

Yao, Y. (2007) Decision-Theoretic Rough Set Models. In: Lecture Notes in Computer Science, Springer, 1-12.
https://doi.org/10.1007/978-3-540-72458-2_1

Yao, Y. (2009) Three-Way Decision: An Interpretation of Rules in Rough Set Theory. In: Lecture Notes in Computer
Science, Springer, 642-649. https://doi.org/10.1007/978-3-642-02962-2_81

Yao, Y. (2012) An Outline of a Theory of Three-Way Decisions. In: Lecture Notes in Computer Science, Springer, 1-17.
https://doi.org/10.1007/978-3-642-32115-3 1

Yu, H., Chu, S. and Yang, D. (2012) Autonomous Knowledge-Oriented Clustering Using Decision-Theoretic Rough Set
Theory. Fundamenta Informaticae, 115, 141-156. https://doi.org/10.3233/fi-2012-646

JERR. =32 K-means S5 R H RN AT FL[D]: (AL 2= Anie 3], -1 JbJy R K%, 2023.
2o, 2. G I ARMAE AL BRI =32 K-Means [J]. KIL{E Bi#1E, 2023, 36(2): 48-50.

Wang, P., Yang, X., Ding, W., Zhan, J. and Yao, Y. (2024) Three-Way Clustering: Foundations, Survey and Challenges.
Applied Soft Computing, 151, Article 111131. https://doi.org/10.1016/j.as0c.2023.111131

Chen, W., Song, Y., Bai, H., Lin, C. and Chang, E.Y. (2011) Parallel Spectral Clustering in Distributed Systems. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 33, 568-586. https://doi.org/10.1109/tpami.2010.88

Davies, D.L. and Bouldin, D.W. (1979) A Cluster Separation Measure. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 1, 224-227. https://doi.org/10.1109/tpami.1979.4766909

Wang, Y. and Chen, L. (2016) K-MEAP: Multiple Exemplars Affinity Propagation with Specified K Clusters. IEEE
Transactions on Neural Networks and Learning Systems, 27, 2670-2682. https://doi.org/10.1109/tnnls.2015.2495268

Mg, AT, TACEE, . Ui K-Means ByLAAE =2 B BN AR 7], TFENL S B0 TR, 2020, 48(6):
1294-1299+1353.

DOI: 10.12677/csa.2025.152039 131 THEAUR 5 R


https://doi.org/10.12677/csa.2025.152039
https://doi.org/10.1109/ccwc.2019.8666548
https://doi.org/10.1016/j.knosys.2021.107967
https://doi.org/10.1016/j.patcog.2023.109404
https://doi.org/10.1016/j.jksuci.2021.07.003
https://doi.org/10.1023/b:aire.0000045502.10941.a9
https://doi.org/10.1145/342009.335388
https://doi.org/10.1007/978-3-540-72458-2_1
https://doi.org/10.1007/978-3-642-02962-2_81
https://doi.org/10.1007/978-3-642-32115-3_1
https://doi.org/10.3233/fi-2012-646
https://doi.org/10.1016/j.asoc.2023.111131
https://doi.org/10.1109/tpami.2010.88
https://doi.org/10.1109/tpami.1979.4766909
https://doi.org/10.1109/tnnls.2015.2495268

	基于离群点检测的优化初始中心的三支K-Means算法
	摘  要
	关键词
	Three-Branch K-Means Algorithm with Optimized Initial Center Based on Outlier Detection
	Abstract
	Keywords
	1. 引言
	2. 使用须知相关工作
	2.1. K-Means算法
	2.2. LOF算法
	2.3. 三支聚类

	3. ODT-kmeans算法
	3.1. 基本定义
	3.2. 数据集预处理
	3.3. 选取最佳的k值
	3.4. 初始聚类中心的选取
	3.5. 算法流程

	4. 聚类评价指标
	4.1. 准确率
	4.2. 戴维森堡丁指数 
	4.3. 标准化互信息

	5. 实验结果与分析
	5.1. UCI数据集实验结果
	5.2. 实验结果分析

	6. 结论
	基金项目
	参考文献

