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ABSTRACT

Most of recent applications such as sensor networks generate continuous and time varying
data which are called data streams. Additional constraints are faced for efficient query
processing of such data streams that have uncertain nature and require fast and timely
processing. Traditional query processing techniques of static data process the whole data
without partitioning them, which is not applicable to data streams. Applying data clustering
is demanded as a preprocessing step of data streams. Also, data streams are often suffer from
incompleteness and high dimensionality. So, in this thesis, we introduce a framework for

efficiently answering incomplete high dimensional data streams queries.

The proposed framework handles the incompleteness issue by estimating missed values based
on the corresponding nearest-neighbors’ intervals. The continuous clustering mechanism is
adopted and extended to accurately handle the incomplete data streams. The performance of
incomplete data clustering was improved by 20% compared to the alternative approaches

using two different data sets.

The proposed framework provides an improved subspace clustering to deal with high
dimensional data streams. The experimental results using two datasets proved the efficiency
of the proposed framework on average by 7.9% over the comparing algorithms for clustering
such incomplete high dimensional data streams. The query processing performance of the
incomplete high dimensional data streams was improved by 62% using two different data sets

over the compared algorithms due the proposed clustering improvements of such data.



Table of Contents

ACKRNOWIEAZEIMENT ...ttt sttt s b e et be st e b s bt et esbeeaeebesbeenee e i
ADSEFACT ...ttt sttt ettt b e b b et eae e et e e be e bt e ehe e saeesaneeabe e b e e nbeenes ii
[T o) T (VT =Y PR v
LISt OF TABIES ...ttt sh ettt e e et e e bt e she e satesane s bt e beenbeennees Vi
List Of ADBreviations ............cooioiiiiiiie e sttt et viii
List Of PUBLICAtIONS .......coouiiiiiiee et ettt e st e s e e s ar e e sabeesneeesabeeeanes ix
Chapter 1 Y 4o e [UT 1 4T o PSRRI 2
1.1 Problem Definition .....coiciirieiieiiieieeeeeerte sttt sttt s st e e te e sre e saae e e 3
0N 0] o1 T=Yor d 1Y/ PSRRI 4
1.3 CONEIIDULIONS ..ttt ettt ettt e sa e st e e st e s bt e e sabeesabeeesabeesbbeesaseesaneeesareens 4
1.4 ThesSis OFganizZatioN .....cccveiiiiciee ittt e e e e e st ee e e e st ee e ssabeeeeesabeeeesssbeeeeessseeeeesnseeeesnnsenns 5
Chapter 2 BACKBIOUNG ...t e e e e e et e e e s e e e e e sbee e e e bre e e enareeas 7
2.1 Fuzzy C-means (FCM) AIZOTITRM ....ccuiiiiee ettt et e e are e et e e e saae e s reesbaeesaree s 7
2.2 Incomplete Data IMPULAtioN........oociiii e e e e e s e re e e e sb e e e s erraeeeenes 8
2.3 High Dimensional Data CIUSEIING ......ciiicuiiii ittt et e e st e e e s ate e e s sata e e s sntaeeesnraeeesanes 9
2.4 Data Streams Processing and QUEIYING .........uviiiiieeiiiciiiieeee e e e eeecitrre e e e e s essaarte e e e e e e s sesssseneeeesesssnnenns 10
Chapter 3 RelAtE@A WOKKS ...........oooiiieiieee et et e e e et e e e e e ebte e e e ebt e e e e eataeeesstaeeesnreeaesnnes 12
3.1 Incomplete Data Imputation and CIUSEEIING ...c..vveiieciiiee e et e e e e e 12
3.2 High DIMensional Data ProCESSING .......eiiicueieieiiieeeeciieeeeetee e eectee e e e ateeeeeareeeeesabaeeeesaseeeeennseeeeennsenas 15
3.3 Data Streams Processing and QUEINYING ....c...occcuviiiiieee i eccciieeeee e e e eectrtre e e e e e e e ecnbraee e e e e s eeesnreaneeeeeeennns 16
Chapter 4:  The Proposed FrameWorK ..............c..ooo ittt eetee e e et e e et e e e 19
N TN o oo [ ot [o T o I PP PRTOPPTOTSTI 19
4.2 The Proposed FrameWork PRAses...........uuiiiiiiiii ettt e ettt e e e e e e e e sanbte e e e e e e e e nnnreaeeee s 20
Chapter 5 The Proposed Fuzzy C-means Clustering for Incomplete Data Streams........................... 28
oI [ o1 oo [FTo1 i To T o NPT PP PPTOURRURINS 28
5.2 The Proposed Fuzzy c-means clustering algorithm for Incomplete Data streams (FID)................... 29
5.3 EXperimental EVAlUtion ........ooiiiiicic sttt e e ettt e e abe e e e re e s e naraeas 32
5.4 RESUIES AN ANGIYSIS . .utiiiiiiiiieieciiee ettt ettt e et e e e st e e e e st ae e e s sbaeeeennbaeeeennbeeeaesseeesennsenas 34
5.4.1. The Average MisclassifiCation .......cc.cooicciiiiiiciii et e e s ea e e e 34
5.4.2. The Average Results of the Confusion Matrix Measurements ..........ccceecvveeeecieeeeecineeescieeeeenns 39

DD SUMIMIAIY e e e e s e e e e e e e e e e e e e e e e e e e e e e e e eaeseeaeeeeeseaeeaasesesssesessaneasenaensseneeneans 48



Chapter 6 The Proposed Subspace Clustering For Incomplete High Dimensional Data Streams............ 50

6.1 INTFOTUCTION ..ttt ettt et e e sttt e s it e e s a b e e s be e e sabeesabeeeanbeesabeeesaseesareesanenesareennns 50
6.2 The Proposed Subspace Clustering for Incomplete High Dimensional Data Streams (SIHD)
FA F=Zo T 11 o o PP 51
6.2.1 1-D SUDSPACES GENEIALION .....uviiieiciiieeceiteee ettt e e ettt e e e et e e e e ette e e e e stteeeesbteeeeentaeeessteeessaseaeaesnes 52
6.2.2 Maximal SUDSPACE GENEIAtION ...ccc.viiieiciiiee ettt e et rr e e e e eare e e e snte e e e sreaeeeeanes 53
6.2.3 Incomplete Stream Elements IMpuUtation..........cooociieiieciiie e e 53
6.2.4 Complete Data Streams CIUSTEIING ....ccicviiie ittt ettt e e e care e e e srta e e e sreaeeeeanes 54
6.3 EXperimental EValUtion .........couiii ittt tee e e et e e s et e e e et e e e e enbe e e e eenreeas 56
6.4 RESUIES AN ANGIYSIS . .utiiiieiiiiiieciiee ettt e et e st e e et e e e e e tbe e e e e ateeeeenbaeeeenstaeeeennseeesennseeeeennsenas 57
6.4.1. The Average MisclassifiCation .......c...ooicciiiiiiiiie et e e et e e e eaaa e e e eanes 58
6.4.2. The Average Results Based On Confusion Matrix Measurements.........ccccceeecvveeeeecieeeeecieeeeenns 62
B.5 SUMIMIAIY e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e s e e eaeaasaaaassssassasassssssassssasasasnsasnsnsasnsenns 72
Chapter 7: The Proposed Incomplete High Dimensional Data Streams Queries Processing............. 74
T L INEPOTUCTION ettt ettt et sttt e sttt e s hb e e sabe e s beeesabeesabeeeaabeesabeeesabeesabaesanteesabeennns 74

7.2 The Proposed Incomplete High dimensional Data streams Query processing (IHDQ) Algorithm....75

7.3 EXperimental EVAlUtion .......cooiiie ittt ree e et e et e e e e e e e e nareeas 78
7.4 RESUIES AN ANGIYSIS ..ttiiiiiiiiieieiiieeeeitee ettt e ettt e e e e e e e st e e e s tbee e essbeeeesssbaeeeasbeeeaensseeesennsees 80
O R O U1 =Y T = S U PRSPPI 80
7.4.2 Query Performance RESUILS .......coiccuiiii ittt e et e e e ette e e e s ata e e s sateeeesneaeeesanes 84

T.5 SUMIMIAIY e e e e e e e e e e e e e e e s e s e e s s e s e e e e e e s e e eaesasasasassssssassssssasasssssssssssssssesssssassssasansesesesenns 95
Chapter 8 Conclusion and FURUIFE@ WOKK.............ooiiiiiiiiiiieie ettt eernrre e e e e e e e e saanees 97
Sy LT =T 4T LSRR 99
AUl GARLA oottt 109



LIST OF FIGURES

Fig. 4.1 | The proposed framework 20
Fig. 7.1 | Average accuracy over data setl (uniform) 82
Fig. 7.2 | Average accuracy over data set2 (uniform) 83
Fig. 7.3 | Average accuracy over data setl (non-uniform) 84
Fig. 7.4 | Average execution time using the proposed IHDQ and the SC 86
algorithms
Fig. 7.5 | Average throughput using the proposed IHDQ and the SC 87
algorithms
Fig. 7.6 | The average execution time over data setl (uniform) 89
Fig. 7.7 | The average execution time over data set2 (uniform) 90
Fig. 7.8 | The throughput over data setl (uniform) 91
Fig. 7.9 | The throughput over data set2 (uniform) 92
Fig. 7.10 | The average execution time over data setl(non-uniform) 93
Fig. 7.11 | The average throughput over data setl1(non-uniform) 94




LIST OF TABLES

Table 5.1 | Data sets description 32

Table 5.2 | Average Misclassifications And Standard Deviation Of The | 36
Misclassifications Over Data Setl (Uniform)

Table 5.3 | Average Misclassifications And Standard Deviation Of The | 36
Misclassifications Over Data Set2 (Uniform)

Table 5.4 | Average Misclassifications And Standard Deviation Of The | 37
Misclassifications Over Data Setl (Non-Uniform)

Table 5.5 | Average Misclassifications And Standard Deviation Of The | 38
Misclassifications Of FID Over Data Setl Using Different
Distributions

Table 5.6 | Average Confusion Matrix Measurements Over Data Setl 40
(Uniform)

Table 5.7 | Average Confusion Matrix Measurements Over Data Set2 42
(Uniform)

Table 5.8 | Average Confusion Matrix Measurements Over Data Setl (Non- | 45
Uniform)

Table 5.9 | Average Confusion Matrix Measurements Of FID Over Data | 47
Setl Using Different Objects Distribution

Table 6.1 | Data sets description 56

Table 6.2 | Average misclassifications and standard deviation of the | 59
misclassifications over data setl (uniform)

Table 6.3 | Average misclassifications and standard deviation of the 60
misclassifications over data set2 (uniform)

Table 6.4 | Average misclassifications and standard deviation of the |61

Vi




misclassifications over data setl (non-uniform)

Table 6.5 | Average misclassifications and standard deviation of the 62
misclassifications over data setl using different data division

Table 6.6 | Average confusion matrix measurements over data setl 63
(uniform)

Table 6.7 | Average confusion matrix measurements over data setl 66
(uniform)

Table 6.8 | Average confusion matrix measurements over data setl | 69
(uniform)

Table 6.9 | Average confusion matrix measurements over data setl using 71
different data distribution

Table 7.1 | Data Sets Description 78

Vii




LIS

OF ABBREVIATIONS

DBMS Database management systems

DMSC The discriminative multi-view subspace clustering algorithm

DS The dense segments algorithm

DSMS Data streams management systems

FCM The fuzzy c-means algorithm

FID The proposed fuzzy c-means clustering for incomplete data streams
framework

FNM-T The fuzzy non-metric model for data with tolerance

GBDC-P2P | The gossip-based distributed clustering for P2P networks algorithm

GFCM The Grey based Fuzzy c-Means algorithm

IC The improved clustering algorithm

IHDQ The proposed incomplete high dimensional data streams query
processing framework

IKFCM The interval kernel fuzzy c-means clustering for incomplete data
algorithm

KNN-FS The KNN-based feature selection algorithm

LADEL The label-aware distributed ensemble learning algorithm

LP The Lattice Partition algorithm

MIDC The multiple imputation of discrete combinations algorithm

MIGEC The multiple imputation using gray-system-theory and entropy based
on clustering algorithm

MMIC The model based missing value imputation using correlation method

MRBIG The map reduced enhanced bitmap index guided algorithm

MSC_IAS | The multi-view subspace clustering with intactness-aware similarity
algorithm

OBAL The online batch-based active learning algorithm

PS The pointed subspace algorithm

SC The smart scheme method

SIHD The proposed subspace clustering for incomplete high dimensional
data streams framework

SIM The shape interaction matrix approach

SNMF The symmetric non-negative matrix factorization approach

SSR Sparse sample self-representation

VQ fk nps

The Gaussian kernel function and the nearest prototype strategy

viii




LIST OF PUBLICATIONS

[1]  Najib, F.M., Ismail, R.M., Badr, N.L. and Gharib, T., 2020. Clustering based
approach for incomplete data streams processing. Journal of Intelligent & Fuzzy
Systems, 38 (3), 3213-3227.

[2] Najib, F.M., Ismail, R.M., Badr, N.L. and Gharib, T., 2020. Incomplete high
dimensional data streams clustering. Journal of Intelligent & Fuzzy Systems, 39
(3), 4227-4243.

[3] Najib, F.M., Ismail, R.M., Badr, N.L. and Gharib, T., 2020. An efficient
approach for query processing of incomplete high dimensional data streams. In:
The 7th International Conference on Advanced Machine Learning and
Technologies and Applications (AMLTAZ2021). (Accepted)




