Telkom University 2024 School of Computing

1]

BIBLIOGRAPHY

R. Agrawal, J. Gehrke, D. Gunopulos, and P. Raghavan. Automatic subspace clus-
tering of high dimensional data for data mining applications. In Proceedings of the
1998 ACM SIGMOD International Conference on Management of Data, SIGMOD
'98, page 94-105, New York, NY, USA, 1998. Association for Computing Machinery.
ISBN 0897919955. doi: 10.1145/276304.276314. URL https://doi.org/10.1145/
276304.276314.

W. S. Al Farizi, 1. Hidayah, and M. N. Rizal. Isolation forest based anomaly detection:
A systematic literature review. In 2021 8th International Conference on Information
Technology, Computer and Electrical Engineering (ICITACEE), pages 118122, Sep.
2021. doi: 10.1109/ICITACEE53184.2021.9617498.

R. Alsini, O. Alghushairy, X. Ma, and T. Soule. A grid partition-based local outlier
factor by reachability distance for data stream processing. In 2020 International

Conference on Computational Science and Computational Intelligence (CSCI), pages
369-375, Dec 2020. doi: 10.1109/CSCI51800.2020.00069.

H. Asif, P. A. Papakonstantinou, and J. Vaidya. How to accurately and privately
identify anomalies. In Proceedings of the 2019 ACM SIGSAC Conference on Computer
and Communications Security, CCS 19, page 719-736, New York, NY, USA, 2019.
Association for Computing Machinery. ISBN 9781450367479. doi: 10.1145/3319535.
3363209. URL https://doi.org/10.1145/3319535.3363209.

K. Azarian, Y. Bhalgat, J. Lee, and T. Blankevoort. Learned threshold pruning, 2021.
URL https://arxiv.org/abs/2003.00075.

S. Barton and A. Sanford. A case study of anomaly detection: Shallow semantic
processing and cohesion establishment. Memory € cognition, 21:477-87, 08 1993. doi:
10.3758/BF03197179.

M. M. Breunig, H.-P. Kriegel, R. T. Ng, and J. Sander. Lof: identifying density-
based local outliers. SIGMOD Rec., 29(2):93-104, may 2000. ISSN 0163-5808. doi:
10.1145/335191.335388. URL https://doi.org/10.1145/335191.335388.

M. Canizo, I. Triguero, A. Conde, and E. Onieva. Multi-head cnn—rnn for multi-time
series anomaly detection: An industrial case study. Neurocomputing, 363:246—260,
2019. ISSN 0925-2312. doi: https://doi.org/10.1016/j.neucom.2019.07.034. URL
https://www.sciencedirect.com/science/article/pii/S0925231219309877.

V. Chandola, A. Banerjee, and V. Kumar. Anomaly detection: A survey. ACM
Comput. Surv., 41(3), jul 2009. ISSN 0360-0300. doi: 10.1145/1541880.1541882. URL
https://doi.org/10.1145/1541880.1541882.

43



Telkom University 2024 School of Computing

[10]

[11]

[12]

[14]

[15]

[17]

V. Chandola, A. Banerjee, and V. Kumar. Anomaly detection: A survey. ACM
Comput. Surv., 41(3), jul 2009. ISSN 0360-0300. doi: 10.1145/1541880.1541882. URL
https://doi.org/10.1145/1541880.1541882.

V. Chandola, A. Banerjee, and V. Kumar. Anomaly detection: A survey. ACM
Comput. Surv., 41, 07 2009. doi: 10.1145/1541880.1541882.

Z. Cheng, C. Zou, and J. Dong. Outlier detection using isolation forest and local
outlier factor. In Proceedings of the Conference on Research in Adaptive and Conver-
gent Systems, RACS 19, page 161-168, New York, NY, USA, 2019. Association for
Computing Machinery. ISBN 9781450368438. doi: 10.1145/3338840.3355641. URL
https://doi.org/10.1145/3338840.3355641.

Z. Cheng, C. Zou, and J. Dong. Outlier detection using isolation forest and local
outlier factor. In Proceedings of the Conference on Research in Adaptive and Conver-
gent Systems, RACS 19, page 161-168, New York, NY, USA, 2019. Association for
Computing Machinery. ISBN 9781450368438. doi: 10.1145/3338840.3355641. URL
https://doi.org/10.1145/3338840.3355641.

T. Chu and I. Nikolaidis. Node density and connectivity properties of the random way-
point model. Computer Communications, 27(10):914-922, 2004. ISSN 0140-3664. doi:
https://doi.org/10.1016/j.comcom.2004.01.003. URL https://www.sciencedirect.
com/science/article/pii/S014036640400012X. Protocol Engineering for Wired

and Wireless Networks.

P. Domingos. A few useful things to know about machine learning. Commun. ACM,
55(10):78-87, oct 2012. ISSN 0001-0782. doi: 10.1145/2347736.2347755. URL https:
//doi.org/10.1145/2347736.2347755.

R. Domingues, M. Filippone, P. Michiardi, and J. Zouaoui. A comparative
evaluation of outlier detection algorithms: Experiments and analyses. Pattern
Recognition, 74:406-421, 2018. ISSN 0031-3203. doi: https://doi.org/10.1016/
j-patcog.2017.09.037. URL https://www.sciencedirect.com/science/article/
pii/S0031320317303916.

M. Ester. Density-Based Clustering, pages 1053-1058. Springer New York, New
York, NY, 2018. ISBN 978-1-4614-8265-9. doi: 10.1007/978-1-4614-8265-9 _605. URL
https://doi.org/10.1007/978-1-4614-8265-9_605.

M. Ester, H.-P. Kriegel, J. Sander, and X. Xu. A density-based algorithm for discov-
ering clusters in large spatial databases with noise. In Knowledge Discovery and Data
Mining, 1996. URL https://api.semanticscholar.org/CorpusID:355163.

44



Telkom University 2024 School of Computing

[19]

[20]

[21]

28]

[29]

P. Garcia-Teodoro, J. Diaz-Verdejo, G. Macid-Fernandez, and E. Vazquez. Anomaly-
based network intrusion detection: Techniques, systems and challenges. Computers &
Security, 28:18-28, 02 2009. doi: 10.1016/j.cose.2008.08.003.

L. J. Guibas, Q. Mérigot, and D. Morozov. Witnessed k-distance. In Proceedings
of the Twenty-Seventh Annual Symposium on Computational Geometry, SoCG 11,
page 57-64, New York, NY, USA, 2011. Association for Computing Machinery. ISBN
9781450306829. doi: 10.1145/1998196.1998205. URL https://doi.org/10.1145/
1998196.1998205.

S. Hariri, M. C. Kind, and R. J. Brunner. Extended isolation forest. IEEE Transac-
tions on Knowledge and Data Engineering, 33(4):1479-1489, Apr. 2021. ISSN 2326-
3865. doi: 10.1109/tkde.2019.2947676. URL http://dx.doi.org/10.1109/TKDE.
2019.2947676.

V. Hodge and J. Austin. A survey of outlier detection methodologies. Artificial
Intelligence Review, 22:85-126, 10 2004. doi: 10.1023/B:AIRE.0000045502.10941.a9.

T. Kutsuna and A. Yamamoto. Outlier detection using binary decision diagrams.
Data Mining and Knowledge Discovery, 31, 03 2017. doi: 10.1007/s10618-016-0486-6.

F. T. Liu, K. M. Ting, and Z.-H. Zhou. Isolation forest. In 2008 Eighth IEEFE
International Conference on Data Mining, pages 413422, 2008. doi: 10.1109/ICDM.
2008.17.

F. T. Liu, K. Ting, and Z.-H. Zhou. Isolation forest. In 2008 eighth ieee international
conference on data mining, pages 413 — 422, 01 2009. doi: 10.1109/ICDM.2008.17.

A. Mensi and M. Bicego. A novel anomaly score for isolation forests. In Image
Analysis and Processing—ICIAP 2019: 20th International Conference, Trento, Italy,
September 9-13, 2019, Proceedings, Part I 20, pages 152-163. Springer, 2019. doi:
https://doi.org/10.1007/978-3-030-30642-7_14.

R. Ng and J. Han. Clarans: a method for clustering objects for spatial data mining.
IEEFE Transactions on Knowledge and Data Engineering, 14(5):1003-1016, Sep. 2002.
ISSN 1558-2191. doi: 10.1109/TKDE.2002.1033770.

C. Phua, V. C.-S. Lee, K. Smith-Miles, and R. W. Gayler. A comprehensive survey
of data mining-based fraud detection research. ArXiv, abs/1009.6119, 2010. URL
https://api.semanticscholar.org/CorpusID:50458504.

A. Rehman and S. Brahim Belhaouari. Unsupervised outlier detection in multidimen-
sional data. Journal of Big Data, 8, 06 2021. doi: 10.1186/s40537-021-00469-z.

45



Telkom University 2024 School of Computing

[30]

[31]

[32]

[34]

[35]

[36]

[37]

[38]

L. Rokach and O. Maimon. Clustering Methods, pages 321-352. Springer US, Boston,
MA, 2005. ISBN 978-0-387-25465-4. doi: 10.1007/0-387-25465-X_15. URL https:
//doi.org/10.1007/0-387-25465-X_15.

J. P. Stevens. Outliers and influential data points in regression analysis. Psychological
bulletin, 95(2):334, 1984. doi: https://doi.org/10.1037/0033-2909.95.2.334.

L. Stojanovic, M. Dinic, N. Stojanovic, and A. Stojadinovic. Big-data-driven anomaly
detection in industry (4.0): An approach and a case study. In 2016 IEEFE International
Conference on Big Data (Big Data), pages 1647-1652, 2016. doi: 10.1109/BigData.
2016.7840777.

K. M. Ting. Confusion Matriz, pages 260-260. Springer US, Boston, MA, 2017. ISBN
978-1-4899-7687-1. doi: 10.1007/978-1-4899-7687-1 50. URL https://doi.org/10.
1007/978-1-4899-7687-1_50.

X.-T. Wang, D.-R. Shen, M. Bai, T.-Z. Nie, Y. Kou, and G. Yu. An efficient algo-
rithm for distributed outlier detection in large multi-dimensional datasets. Journal of
Computer Science and Technology, 30(6):1233-1248, 2015. doi: https://doi.org/10.
1007/s11390-015-1596-0.

H. Xu, L. Zhang, P. Li, and F. Zhu. Outlier detection algorithm based on k-nearest
neighbors-local outlier factor. Journal of Algorithms & Computational Technology,
16:17483026221078111, 2022. doi: 10.1177/17483026221078111. URL https://doi.
org/10.1177/17483026221078111.

H. Xu, L. Zhang, P. Li, and F. Zhu. Outlier detection algorithm based on k-nearest
neighbors-local outlier factor. Journal of Algorithms € Computational Technology,
16:17483026221078111, 2022. doi: 10.1177/17483026221078111. URL https://doi.
org/10.1177/17483026221078111.

R. Xu and D. Wunsch. Clustering. John Wiley & Sons, 2008. doi: 10.1002/
9780470382776.

Y. Yan, L. Cao, and E. A. Rundensteiner. Scalable top-n local outlier detection.
In Proceedings of the 23rd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, KDD ’17, page 1235-1244, New York, NY, USA, 2017.
Association for Computing Machinery. ISBN 9781450348874. doi: 10.1145/3097983.
3098191. URL https://doi.org/10.1145/3097983.3098191.

L. Yang. Building k-edge-connected neighborhood graph for distance-based data pro-
jection. Pattern Recognition Letters, 26(13):2015-2021, 2005. ISSN 0167-8655. doi:
https://doi.org/10.1016/j.patrec.2005.03.021. URL https://www.sciencedirect.
com/science/article/pii/S0167865505000735.

46



Telkom University 2024 School of Computing

[40] S. Zhang, J. Li, and Y. Li. Reachable distance function for knn classification. IEEE
Transactions on Knowledge and Data Engineering, 35(7):7382-7396, July 2023. ISSN
1558-2191. doi: 10.1109/TKDE.2022.3185149.

[41] H. Zhou, H. Liu, Y. Zhang, and Y. Zhang. An outlier detection algorithm based
on an integrated outlier factor. Intelligent Data Analysis, 23:975-990, 10 2019. doi:
10.3233/IDA-184227.

[42] Z. Zhu, L. Jin, E. Song, and C.-C. Hung. Quaternion switching vector median filter
based on local reachability density. IEEE Signal Processing Letters, 25(6):843-847,
June 2018. ISSN 1558-2361. doi: 10.1109/LSP.2018.2808343.

[43] A. Zimek, E. Schubert, and H.-P. Kriegel. A survey on unsupervised outlier detection
in high-dimensional numerical data. Statistical Analysis and Data Mining: The ASA
Data Science Journal, 5(5):363-387, 2012. doi: https://doi.org/10.1002/sam.11161.
URL https://onlinelibrary.wiley.com/doi/abs/10.1002/sam.11161.

47



