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Improved outlier detection and interpretation
method for DPC clustering algorithm

ZHOU Yu, XIA Hao,PEI Zexuan
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Abstract; To address the limitatios of global outlier detection methods in detecting local outliers and the
performance degradation of local anomaly factors in the presence of a large number of local outliers, this paper
proposes an outlier detection and interpretation method based on an improved fast search and discovery density peak
clustering algorithm (KDPC) , utilizing k-nearest neighbor ( KNN) and kernel density estimation ( KDE) methods.
This method enables simultaneous analysis of both global and local data points. Firstly, the local density of data
points is calculated using the k-nearest neighbor and kernel density estimation methods instead of the local density
based on the truncation distance in the traditional DPC algorithm. Secondly, the sum of the k-nearest neighbor
distances of the data points is used as the global outlier and the cluster density as well as the local outliers of the
data points are calculated by the KDPC clustering algorithm. Finally, the global and local outliers of the data points
are multiplied as the final anomaly score. The Top-n data points with the highest anomaly score is selected as the
outlier, and the global and local outliers are interpreted by constructing a global-local outlier decision diagram.
Experiments were conducted using both artificial and UCI datasets and our method was compared with 10 commonly
used outlier detection methods. The results show that our method achieves high detection accuracy and performance
for both global and local outliers. Moreover, the AUC performance is minimally affected by the k-value.
Additionally, our method is also used to analyze NBA player data, further demonstrating its practicality and
effectiveness.
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Fig.1 Two-dimensional data

Fig.2 Decision graph
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Fig. 11 Dataset contains few global outliers
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Fig. 13 A large number of local and global outliers exist in the dataset
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Tab.3 Performance indicators of outlier detection
pygic= Top-n Precise recall F, AUC g Top-n Precise recall F, AUC
Datal 20 0.900 0 0.900 0 0.900 0 0.999 5 Data4 10 1.000 0 1.000 0 1.000 0 1.000 0
Data2 20 0.900 0 0.900 0 0.900 0 0.996 5 Data5 150 0.9133 0.9133 0.9133 0.999 8
Data3 50 0.960 0 0.960 0 0.960 0 1.000 0 Aggregation 15 0.9333 0.9333 0.9333 1.000 O
x4 LEEFE
Tab.4 Comparison methods
Ik FEAR [ A R ARAE ik FEAR 5 R | AR
LOF2!) Gl ACM SIGMOD, 2000 ABOD!®! yic)is KDD, 2008
KNN'7] PR ACM SIGMOD , 2000 LDOF('®] PHE AKDDM, 2009
CorL2l Eiy AKDDM, 2002 FCM27) PSS WSEAS, 2010
CBLOF2! s Pattern Recognition Letters, 2003 IFOREST ! ) TKDD,2008
LDF ! iy MLDM, 2007 MOD! YIHTR Pattern Recognition, 2021
x5 AEBEHFHLKLNAER AUCE
Tab.5 AUC values of different outlier detection methods
HAmE KDPC LOF KNN COF CBLOF LDF ABOD LDOF FCM IFOREST MOD
Datal 0.9995 0.9931 0.9994 0.9962 0.9225 0.9984 0.9846 0.9462 0.9205 0.9258 0.998 7
Data2 0.9965 0.9960 0.9963 0.9938 0.9010 0.9968 0.9963 0.9902 0.9152 0.9495 0.996 5
Data3 1.0000 0.9992 0.9999 0.9929 0.6794 0.9988 0.9999 0.9665 0.7033 0.8200 0.998 1
Datad 1.0000 0.9055 0.9954 1.0000 0.560 9 1.0000 1.0000 0.9964 0.5518 0.6106 0.999 0
Data5 0.9998 0.9997 0.9995 0.9778 0.9549 0.9494 0.9466 0.9532 0.9602 0.9365 0.999 2
Aggregation 1.0000 0.999 8 1.0000 1.0000 0.9858 1.0000 1.0000 0.9753 0.7173 0.9579 1.000 0
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13 RS Wavef 21 3 1 3443 100
N N N y . averorm
A B S AN k) AUC {2558 W% 7,
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FEW T FEANE kRS B RS A MERE, A k= °
N N . N Page Blocks 10 2 2 5473 560
2 ~100 &N BRI T 09 AUC fhZk &, n
. N — N N Annthyroid 6 2 2 7 200 534
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Tab.7 Comparison of AUC for the UCI dataset
HEE KDPC LOF KNN COF CBLOF LDF ABOD LDOF FCM  IFOREST  MOD
Tris 1.0000 0.9960 1.0000 0.9900 1.0000 0.9860 0.9640 0.9920 1.0000 0.9810 0.994 0
Wine 1.0000 0.9953 0.9930 0.9883 0.9825 1.0000 0.9521 0.9591 0.9743 0.9537  0.991 8
Seeds 0.9991 1.0000 0.9991 0.9973 0.9955 0.9964 0.9902 0.9938 0.9960 0.9968  0.999 1
WPBC 0.6914 0.7026 0.7073 0.6881 0.5417 0.6967 0.6940 0.7033 0.5616 0.6443 0.680 1
Tonosphere 0.9354 0.9218 0.9331 0.8987 0.7502 0.9194 0.8069 0.8935 0.5414 0.8487 0.9313
WBC 1.0000 1.0000 1.0000 0.9562 0.9905 0.7292 0.9795 0.9118 0.9890 0.9973  0.960 4
WDBC 0.8920 0.9603 0.9229 0.5532 0.7333 0.5523 0.8399 0.5561 0.6099 0.8115 0.7354
Vowel 0.9270 0.9428 0.9262 0.8019 0.6141 0.8599 0.9056 0.6308 0.4794 0.7671 0.894 |
Waveform 0.7838 0.8093 0.7878 0.7542 0.7083 0.7845 0.7466 0.7258 0.6800 0.6927 0.7714
Robot navigation ~ 0.8864 0.8898 0.8818 0.7802 0.6184 0.6924 0.8641 0.6845 0.5041 0.8258 0.8655
Page Blocks 0.7671 0.7630 0.8414 0.7849 0.8920 0.8246 0.7039 0.8309 0.5370 0.8898 0.783 9
Annthyroid 0.7630 0.7439 0.7560 0.7334 0.6433 0.6874 0.7587 0.7574 0.5044 0.8186 0.7562
Pen Digits 0.9980 0.9962 0.9971 0.9768 0.9815 0.9795 0.9507 0.7985 0.9745 0.9739 0.998 1
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Fig. 16  AUC values of outlier detection methods at different £ values
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Tab.8 Selected NBA players statistics
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il Bk e Y %Y

. oy WA B mRE R /% /% /% A B E(O1: TR Kk R
1 31.7 14.2 6.8 37.3 34.3 49.1 22.0 67.9 2.2 12.0 0.7 1.3 4.5 3.6
3 31.0 13.2 5.8 34.2 37.8 57.5 27.8 84.0 3.4 9.8 1.6 1.0 4.8 4.0
45 14.5 14.3 3.0 29.1 23.8 48.5 16.7 76.9 5.5 8.8 0.7 0.2 2.0 2.8
37 15.4 6.8 0.9 27.7 15.8 37.8 37.5 75.5 2.2 4.6 0.8 2.5 1.4 4.4
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Fig. 18 Decision graph of single attribute in NBA player data



-84 - moR o OL Mk K% E O 95 56 %
x99 SIEMTHERKR
Tab.9 Outlier players under each attribute
i ¥y Y Wy #HIL Eal] =5 HEzN N ¥y 9
mppamy O o o N N wE om0 ki M
fRoy WA BhYC shE AR bR fiir Fp % fiir AR oW =i
FiRERE B 323 2832 45 1 39 41 ¥ 7 3 X246 17 844 417
ARy BT A 1.3 1.45 6 ¥ 3 30 21 ¥ 45 1 7 37 39 37

5.4 Si5itie
1) B FALGE DPC RIS IL T Jay i 2 B ok 35
A 2% TSR ) JR TR A A, BT LAY 2R 2 6] B AN )
[ BE Y, DPC JGik IR B B AR B SR2E L, AT
AU & AR D7 15 A 8 B A D5 iR 5 s i i
TR AR 58 DPC SR STV v AR i e R
BTSSR B R, Rt T YA REAR B DPC R K
SRR AT AN [ 3 B oA b B JREERIOCR IR 4
e SIS P EA HER

2) BT b TR ARSI IEAT RV ) 22 R A
SRR S H AR, 455 4 R R ¥ e o (4R oo g R A
ARG JZ

3 ) I A Jey R JRy 0 S (LR A RS 1 e e e
e DS R AR R 28, AR SO 4 Joy g 0 8 e
PEATIRFE

4) K UL B A R 7 VA 52 k SRR, AL
S AT APt DPC SRS IR 1 Y B 1 R 07 3%
5 kRN,

6 % %

1) FIH & SRS 8 BE AN 7 i S8 s i)
JR TR L A4 58 DPC SRS T v AR KT I 2
TR R, X T L BB S DPC JREH
EAE R R AN TR L 23 A R B SR ISHCR R
RIP ORI R, el MR TR - AR
X RS P B BRSSO R BRI A T 2R 2K

2) i k AT AR R A SR e R
THE e 1)1 249 25 i R e B 1 R A5 2 )
TSR, R AR R R (AT RS B e
(57 1 Ao, e ST 9 (EL A5 20 55 1Y) Top-n K4 mi A
NSRRI SRR UCT Bidls S 50 &
B, 0 A 4 SR AR ¥R S MR 7 Rk RE RS 4R v
TERUR IS B2 B2 280k RN

3)ASCE I — R R - Rl W R
PR AR A A R 7 0 J i N T8 4R R NBA BR
VRIS R SC Y0 A B, 4 JR B AT A BLAE DS Y
A LT TR T R R R 0 AT A R SR P 4 o ]
AR BRILZ A, i RE WL AR B0 IE R
SRR LM T DL o R DV R RN ECE HE e, AT LLiE

ok g e e 1 )7 SR E 14007
5F Xk

[1]JHAWKINS D M. Identification of outliers| M]. Dordrecht; Springer
Netherlands, 1980. DOI: 10.1007/978 =94 — 015 -3994 —4
[2]GAO Yongchang, GUAN Haowen, GONG Bin. CODM: an outlier
detection method for medical insurance claims fraud[J]. International
Journal of Computational Science and Engineering, 2019, 20(3) :
404. DOI; 10.1504/ijcse. 2019. 103945
[3]HILAL W, GADSDEN S A, YAWNEY J. Financial fraud: a review
of anomaly detection techniques and recent advances [ J]. Expert
Systems with Applications, 2022, 193 116429. DOI: 10. 1016/
j. eswa. 2021. 116429
[4]ALHARBE N, ALI RAKROUKI M, ALJOHANI A. A healthcare
quality assessment model based on outlier detection algorithm [ J].
Processes, 2022, 10(6): 1199. DOI: 10.3390/pr10061199
[5]YANG Yun, FAN Chongjun, CHEN Liang, et al. IPMOD: an
efficient outlier detection model for high-dimensional medical data
streams [ J]. Expert Systems with Applications, 2022, 191: 116212.
DOI: 10.1016/]. eswa.2021. 116212
[6] WU Huangjian, TANG Xiao, WANG Zifa, et al. Probabilistic
automatic outlier detection for surface air quality measurements from
the China national environmental monitoring network [ J]. Advances
in Atmospheric Sciences, 2018, 35(12). 1522. DOI. 10. 1007/
s00376 — 018 - 8067 -9
[7]KANG S, KYUN KIM S. Outlier behavior detection for indoor
environment based on t-SNE clustering[ J]. Computers, Materials &
Continua, 2021, 68(3); 3725. DOI. 10.32604/cmc.2021.016828
[8]LLANSO L, MOORE U, BOLANO-DIAZ C, et al. Expanding the
muscle imaging spectrum in dysferlinopathy : description of an outlier
population from the classical MRI pattern [ J ]. Neuromuscular
Disorders, 2023, 33(4) . 349. DOI. 10.1016/j. nmd. 2023. 02. 007
[9] CHEN Zhaomin, YEO C K, LEE B S, et al. Evolutionary multi-
objective optimization based ensemble autoencoders for image outlier
detection[ J ]. Neurocomputing, 2018, 309 192. DOI. 10. 1016/
j- neucom. 2018.05. 012
[10]RIBEIRO M, LAZZARETTI A E, LOPES H S. A study of deep
convolutional auto-encoders for anomaly detection in videos [ J].
Pattern Recognition Letters, 2018, 105; 13. DOI: 10. 1016/]. patrec.
2017.07.016
[11 ] LI Shifeng, LIU Chunxiao, YANG Yugiang. Anomaly detection
based on maximum a posteriori[ J ]. Pattern Recognition Letters,
2018, 107; 91. DOI. 10.1016/]. patrec. 2017. 09.001
[12] PANG Guansong, SHEN Chunhua, CAO Longhing, et al. Deep
learning for anomaly detection: a review [ J]. ACM Computing
Surveys, 2021, 54(2): 38. DOI: 10.1145/3439950
[13]VILLA-PEREZ M E, ALVAREZ-CARMONA M A, LOYOLA-
GONZALEZ O, et al. Semi-supervised anomaly detection algorithms: a
Knowledge-

comparative summary and future research directions[J].



5 8 1]

Ji A Bt DPC SRZEIR L 1 B I s A 5 A B T ik -85

based Systems, 2021, 218; 106878. DOI: 10. 1016/j. knosys.
2021. 106878

[14]ZHANG Ji. Advancements of outlier detection; a survey[ J]. ICST
Transactions on Scalable Information Systems, 2013, 13(1) . €2.
DOI; 10.4108/trans. sis. 2013.01 —03. €2

[IS1AE, RCZE, Bifi, 55, FT RIEM B RE RGN ki 5Y 45
W] WEHLTRS A, 2021, 57(12) ; 37.
ZHOU Yu, ZHU Wenhao, FANG Qian, et al. Survey of outlier
detection methods based on clustering[ J]. Computer Engineering
and Applications, 2021, 57 (12); 37. DOIL; 10.3778/j. issn. 1002 —
8331.2102 -0167

[16 ]ZHANG Zhongping, LI Sen, LIU Weixiong, et al. A new outlier
detection algorithm based on fast density peak clustering outlier
factor[ J]. International Journal of Data Warehousing and Mining,
2023, 19(2): 1. DOI; 10.4018/ijdwm. 316534

[17]RAMASWAMY S, RASTOGI R, SHIM K. Efficient algorithms for
mining outliers from large data sets[ J]. ACM SIGMOD Record,
2000, 29(2) . 427. DOI: 10.1145/335191. 335437

[18] ZHANG Ke, HUTTER M, JIN Huidong. A new local distance-
based outlier detection approach for scattered real-world data[ C]//
Pacific-Asia Conference on Knowledge Discovery and Data Mining.
Berlin: Springer, 2009 813. DOI: 10. 1007/ 978 -3 -642 - 01307 —
2_84

[19]YANG Jiawei, RAHARDJA S, FRANTI P, et al. Mean-shift
outlier detection and filtering[ J]. Pattern Recognition, 2021, 115
107874. DOI; 10.1016/j. patcog. 2021. 107874

[20 ] XIE Jiang, XIONG Zhongyang, DAI Qizhu, et al. A local-
gravitation-based method for the detection of outliers and boundary
points[ J]. Knowledge-based Systems, 2020, 192 105331. DOI.
10. 1016/j. knosys. 2019. 105331

[21]BREUNIG M M, KRIEGEL H P, NG R T, et al. LOF; identifying
density based local outliers [ C ]//Proceedings of the 2000 ACM
SIGMOD International Conference on Management of Data Dallas:
ACM, 2000. DOI.10.1145/342009. 335388

[22]TANG Jian, CHEN Zhixiang, FU A W C, et al. Enhancing
effectiveness of outlier detections for low density patterns [ M ]//
Advances in Knowledge Discovery and Data Mining. Berlin:
Springer, 2002 535. DOI. 10.1007/3 - 540 — 47887 —6_53

[23]LATECKI L J, LAZAREVIC A, POKRAJAC D. Outlier detection
with kernel density functions [ C ]//International Workshop on
Machine Learning and Data Mining in Pattern Recognition. Berlin;
Springer, 2007 ; 61. DOI. 10.1007/978 -3 - 540 —73499 -4_6

[24] TANG Bo, HE Haibo. A local density-based approach for outlier
detection[ J]. Neurocomputing, 2017, 241 171. DOI; 10.1016/
j. neucom. 2017.02. 039

(255K 80F, XIHHE, K EF5, %. ERDOF. 3T HH X WA B
TEA TR B RE RIS IL [ J]. A4, 2021,42(9) 0133
ZHANG Zhongping, LIU Weixiong, ZHANG Yuting. et al.
ERDOF: outlier detection algorithm based on entropy weight
distance and relative density outlier factor [ J ]. Journal on
Communications, 2021, 42(9): 133. DOI; 10. 11959/j. issn. 1000 —
436x.2021152

[26 JHE Zengyou, XU Xiaofei, DENG Shengchun. Discovering cluster-
based local outliers[ J]. Pattern Recognition Letters, 2003, 24(9/
10); 1641. DOI; 10.1016/50167 —8655(03)00003 -5

[27] AL-ZOUBI M B, AL-DAHOUD A, YAHYA A A. New outlier
detection method based on fuzzy clustering[ J]. WSEAS Transactions
on Information Science and Applications, 2010, 7(5) : 681

[28 1 HE, R3CEE, PMLE. —FhEET HARsREU R B ORI 5 v
[J]. FRACRAE2R(ARRIER) |, 2022, 43(10) : 1405
ZHOU Yu, ZHU Wenhao, SUN Hongyu. A local outlier detection
method based on objective function [ J]. Journal of Northeastern
University ( Natural Science), 2022, 43 (10) . 1405. DOI. 10.
12068/j. issn. 1005 - 3026. 2022. 10. 006

(29 15Kk 2520  XIRME, 45, TPt % BRI (RSB T 1Y
BEREAURIN AL )], dEARAR, 2022, 43(10) : 186
ZHANG Zhongping, LI Sen, LIU Weixiong, et al. Outlier detection
algorithm based on fast density peak clustering outlier factor[ J].
Journal on Communications, 2022, 43(10) ; 186. DOI; 10. 11959/
J. issn. 1000 —436x. 2022193

[30]RODRIGUEZ A, LAIO A. Clustering by fast search and find of
density peaks[J]. Science, 2014, 344 (6191); 1492. DOI; 10.
1126/ science. 1242072

[31]DU Xusheng, YU Jiong, CHU Zheng, et al. Graph autoencoder-
based unsupervised outlier detection [ J ]. Information Sciences,
2022, 608 532. DOI. 10.1016/j. ins. 2022.06.039

[32]LI Kangsheng, GAO Xin, JIA Xin, et al. Detection of local and
clustered outliers based on the density-distance decision graph[J].
Engineering Applications of Artificial Intelligence, 2022, 110;
104719. DOI; 10.1016/j. engappai. 2022. 104719

[33]KRIEGEL H P, SCHUBERT M, ZIMEK A. Angle-based outlier
detection in high-dimensional data[ C]// Proceedings of the 14th
ACM SIGKDD international conference on Knowledge discovery and
data mining. Las Vegas: ACM, 2008 444. DOI. 10. 1145/
1401890. 1401946

[34]LIU F T, TING Kaiming, ZHOU Zhihua. Isolation forest[ C]//
2008 Eighth IEEE International Conference on Data Mining. Pisa:
IEEE, 2008 : 413. DOI.; 10.1109/ICDM. 2008. 17

(%mEE 7k 4)



