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Abstract  The importance of the data uncertainty was studied deeply with the rapid development
in data gathering and processing in various fields, inclusive of economy, military, logistic, fi-
nance and telecommunication, etc. Uncertain data has many different styles, such as relational
data, semistructured data, streaming data, and moving objects. According to scenarios and data
characteristics, tens of data models have been developed, stemming from the core possible world
model that contains a huge number of the possible world instances with the sum of probabilities
equal to 1. However, the number of the possible world instances is far greater than the volume of
the uncertain database, making it infeasible to combine medial results generated from all of possi-
ble world instances for the final query results. Thus, some heuristic techniques, such as orde-
ring, pruning, must be used to reduce the computation cost for the high efficiency. This paper in-
troduces the concepts, characteristics and challenges in uncertain data management, proposes the
advance of the research on uncertain data management, including data model, preprocessing, in-

tegrating, storage, indexing, and query processing.
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HR A A B A 45 A D A P AN B 2 SN T P A
B EE S JFERES B ARLIR. X
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Orion i H™"  Cifi 5 1l PL/pgSQL % . iz 47 T
PostgreSQL Z I ;MystiQ i B H A7 3 U 119 )2 Ik
ZEKY , 4 PostgreSQL. Sql Server,DB2 £ 5: & Al
B8 EE s MayBMS 1217 T PostgreSQL 2 | ; Trio
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xing, PTD" fe i se B % — 4E 804 R 51, R4
Tt e v & ST 2H 0 & PEAE N B — A~ —4E X ] La s b ], AT

LA E Z A x-bound. &> x-bound i PIHR L 411K -
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NI =% e LURN: P e e S U e P
Frl. 1 8(b) Je 2 Wi 5K 3R, 10 S AR A I B i
b DI T S AR A LA R A L 8 (o)
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FEBETH A ) T A 2ol A o R 2 R E B 1) R O R A
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R — 7 TR SR AE AT AR A% 2 10 56 28 B0 R Hie 12 O vk
PEATTHEE s 55— T s AR P IR AN G A A R 1Y
LA DU AT LYY 24 3 55 ARE A 1) T 4.

e — S8 CRy 591 2 22 9 i 1) L, oo A

(1 2 AT BB AR # PE K L #E 2 ik 10MB, iy H o KR
G B AT 25 77 A B /NI S . SCRRL70 T3 2% 1
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0. 3 i}, Pk-topk & 1] (z; ,25).

Soliman % A& H T 3k F 48 22 25 8] (1 )7 15 0 b
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—AEWR LR ¢ B FTA XML 0 AFHFXE g o
24 skyline s BHER AR T BIH p. SCERL77 14
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P14 LA P HL s n) . At AT 0 J5 22 T AR RE 95 R
R Z A R e R L HE FoM F L I B T
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J3E S DG P 25 ARG 1 £ L7
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5.7 BURER

T ) AR B ) 2 i B 1 AR A 5 Ak AT
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Background

This paper surveys the recent research work on uncer-
tain data management that belongs to the database category.
Data uncertainty widely appears in various applications, in-
clusive of economy, military, logistic, finance and telecom-
munication etc. The reasons for uncertain data include, but
are not limited to the following: Imprecise data caused by the
physical devise, network or environment; Using a coarse-
grained dataset; To meet the special application requirement;
Incomplete dataset; Data integration. Thus, it is critical to
develop new techniques to manage such uncertain database.

The research of management on uncertain database
starts from the late 80’ s last century, and becomes a very
hot field today. The work in the early stage focused on ex-
tending the relational model with an additional probability
field to process SQL like queries, but now it has been devel-
oped to a quite boarder range. Besides the relational data,
new data types such as semistructured data, streaming data,
and moving objects are also studied intensively, which leads
to numerous novel sophistical query processing issues. How-

ever, neither the traditional techniques for deterministic da-

JIN Che-Qing. born in 1977, Ph. D. . associate profes-
sor. His research interests include data stream management,
uncertain data management.

WANG Guo-Ren, born in 1966, professor, Ph. D. su-
pervisor. His research interests include XML management,
bioinformatics, distributed database, and parallel compu-
ting.

LI Jian-Zhong, born in 1950, professor, Ph. D. super-
visor. His research interests include database, parallel com-

puting.

ta, nor the techniques for probabilistic relational database are
capable of handling such query tasks efficiently.

There are already a few survey papers on management of
uncertain database with different emphasis recently. Ré and
Suciu summarized some big challenges in this field in 2007.
Dalvi and Suciu pointed out the foundation and challenges
with the analysis in theory in 2007. Aggarwal and Yu fo-
cused on algorithms and applications. The literature by Pei et
al. mainly aimed at their own work.

Contrarily, this paper surveys present work according to
a general way of processing uncertain database, including
modeling, preprocessing and cleaning, storage and indexing,
and query processing. At first, several uncertain models for
different data types are proposed, stemming from the core
possible world semantics, following which the concepts for
the data preprocessing and cleaning are also introduced. Af-
ter outlining the storage and indexing techniques, the work
for concrete query tasks are listed, inclusive of relational op-
erator, data lineage, skyline query, ranking query, stream

query, OLAP, and data mining.



