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Abstract Emerging applications such as sensor-based streaming
databases represent a drastic shift from this traditional
Index structures are designed to optimize search perfor- behavior. These applications are characterized by virtu-
mance, while at the same time supporting efficient data up-ally constant updates to the data, and relatively infrequent
dates. Although not explicit, existing index structures are querying. In this setting, existing index structures are com-
typically based upon the assumption that the rate of updatespelled to expend large amounts of resources in simply keep-
will be small compared to the rate of querying. This as- ing the index updated with the latest values of the data.
sumption is not valid in streaming data environments such The cost of updating the index dominates the advantage of
as sensor and moving object databases, where updates aramproved query performance through the use of the index.
received incessantly. In fact, for many applications, the rate One feasible solution is to reduce the need for updates to
of updates may well exceed the rate of querying. In such enthe index. Recent efforts at indexing moving object data re-
vironments, index structures suffer from poor performance duce the need for index updates by assuming that objects
due to the large overhead of keeping the index updated withwill move in a well behaved, but restrictive manner (e.g. in
the latest data. Recent efforts at indexing moving object straight lines with constant velocity) [13]. This solution is
data assume objects move in a restrictive manner (e.g. innot generally applicable since the assumption is not reason-
straight lines with constant velocity). In this paper, we pro- able for many applications.

pose an index structure explicitly designed to perform well | this paper, we address the problem of efficient index
for both querying and updating. We assume a more relaxedypgate where update rates are high. We drop the traditional
model of object movement. In particular, we observe that approach of processing updates with the goal of improved
objects often stay in aregion (e.g., building) for an extended query performance. Instead, we propose and develop in-
amount of time, and exploit this phenomenon to optimize angex structures that are explicitly designed to perform well
erx for both updates and quenes._The paper is developedtqy hoth querying and updating. We begin by observing that
with the example of R-trees, but the ideas can be extended tonost index structures inherently tolerate some change in the
other index structures as well. We present the design of thegata values being indexed. The first step is therefore to ex-
Change TolerarR-tree, and an experimental evaluation.  pioit this “tolerance” (without making any restrictions on
the nature of change of the data). Next, we present tech-
nigues for altering the design of the index in order to opti-
1 Introduction mize for both updates and queries. This is achieved by bal-
ancing the need for efficient search (the common criterion

Index structures are used to improve query performancefor index design) with the cost of updates.

by limiting the amount of data that needs to be examined. As we shall see, the two goals of improved query perfor-
Static index structures like the ISAM file format [12] are mance and improved update performance are directly op-
not designed to handle updates to data very well and canposed to each other: improving update performance is typ-
lead to poor query performance as a result of updates. Dy-ically at the cost of query performance (and vice versa).
namic index structures like B-tree and R-tree are designedThe paper presents an index structure that is designed for
to adapt the index structure as data is updated so as to corhigh update environments — achieving significantly better
tinue to provide good query performance. Existing (dy- update performance at the cost of slightly poorer query per-
namic) index structures perform satisfactorily for traditional formance — and superior overall performance as compared
database applications where updates are infrequent comto existing methods. The paper is developed with R-trees,
pared to queries. but the ideas can be extended to other index structures.



of level in an R-Tree are allowed to overlap. Hence searching
02 an object may involve traversing several paths in this tree.
Zi When a node becomes overfull it undergoes a split. Effi-

05 cient heuristics and pruning are used to reduce the expected

] Zj number of paths visited by subsequent searches.

s Suppose the R-tree is used to index constantly evolving
:190 data such as locations of mobile objects. An update from
a moving object typically has the form: “move from cur-
rent location(xy,y1) to new location(xy,y»)”, which can
be handled in an R-tree by first deleting this object from its
current location and then re-inserting it in the new location.
We can improve the performance of this process by main-
taining a secondary hash index wh[11]. This secondary
index stores, for eaciu, the pointer to the leaf page con-
taining the corresponding object in the R-tree, as shown in
Figure 1. The supplementary index facilitates fast deletion
because when removing an object’s current location value,
The main contributions of this paper are: we can retrieve the page containing the location value di-
rectly by looking up the objedtl from the hash table. This
that optimize for frequent updates and queries and thelS much faster than finding the same page through traversing
design and development of change tolerant R-trees.  the R-tree based on spatial coordinates.
2. An experimental evaluation and validation of the per- ~ More importantly, the R-tree hahange-toleranprop-
formance’ and adaptabmty of these index structures. erty: if the new location of the ObjeCt remains in the same

The rest of this paper is organized as follows. In Sec- [€ai-node, we can simply update the page corresponding to

tion 2 we discuss the inherent tolerance of index structuresthe leaf node in order to store the new location. Thus, all

to updates and study how to avoid index updates. In Sec_updates _vvhere the new Iocat.ion s in_the same MBR as the
tion 3 the design of a change tolerant R-tree is discussed.Old location can be accomplished with a constant number

Section 4 presents experimental results. Section 5 discussegf l/Os. Note that the R-tree structure does not change due

related work and Section 6 concludes the paper. to such u!odates (only the I_ocation of the updated object_ is
changed in the corresponding leaf node). We can thus first

use the secondary (hash) structure to locate the value to be

Figure 1. Secondary hash-index structure

1. The introduction ofChange Toleranindex structures

2 Change Tolerance of Indexes deleted, and the cost is further reduced if insertion can be
done in the same page.
We now discuss “change tolerance” of an index. We il-  The question is: how often can insertion be done in the

lustrate, in particular, that for many cases of updates it is same leaf node that stores the old data? To answer this
unnecessary to visit or update the internal nodes of an R-question, we observe that in many applications, data change
tree. We further study other possibilities for modifying an slowly most of the time, followed by short periods of time

R-tree in order to make it more “resilient” to data changes, when the data show a much larger variation. For example,

so as to minimize the costs of updates. consider the movement of people within a city. For most of
the time a large fraction of the population is inside offices
2.1 Tolerance to Change or homes. They may change their locations, but the varia-

tions usually occur within a building and therefore are not

Many index structures are inherently tolerant to changeslarge or rapid. Then sometimes, when they are on the road,
in data values without requiring a change in the index struc- the changes in their locations are rapid. However, this hap-
ture. Consider an R-tree [8], which can be viewed as a gen-pens for relatively shorter periods of time compared with
eralization of the B-tree for indexing objects in a multidi- the time they stay in a building.
mensional space. Each node of the R-tree (internal as well Similar observation holds for sensor data, for instance,
as leaf node) represents a hyper-rectanglk dimensions.  temperature and pressure. An index can be used to store
The leaf level rectangles contain objects, and the rectanglesontains temperature and pressure values from different ar-
for internal nodes contain rectangles one level below. Theeas. For each region, the variation in these parameters
boundaries of the rectangles are made as tight as possibleagainst time is not rapid for most of the time. However,
These rectangles are calldtinimum Bounding Rectangles during evenings or during special events like thunderstorms,
or MBRs. Unlike B-Tree, the MBRs of nodes at the same they can change rapidly. They then settle around their new



values. of the a-tree needs to be expanded, it is expandea %y

Given these observations, it is thus possible that in anmore than its minimum size. Thus, the boundary objects
R-tree, many objects remain within their MBRs even when get some leeway to move and stay within the same MBR.
their values change. Update can thus be done faster if theNaturally, this implies poorer query performance. Let us ex-
new value occurs in the same leaf node as the old value. Weamine how the savings for updates can be balanced against
say the R-tree is inherentghange-tolerant increased costs for queries.

2.2 Optimizing for Updates 3 CT-R-tree—a Change Tolerant Index

We just observed that the available tolerance of an index As explained previously, in certain kinds of data streams
to data change can be used to improve update performancsuch as location values and sensor readings, data changes
with no impact on search performance. We now explore theoccur slowly for most of the time. Th€T-R-tree we de-
possibility of altering the design of the index structure to velop exploits this property. The structure of tBd-R-
increase the available tolerance of an index while balancingtree is based on the R-tree, where data are hierarchically
the potential increase in the cost for querying. Again, we arranged in bounding rectangles (MBRs). The design of
focus on R-trees as the running example. MBRs of the CT-R-tree are designed not to be governed

The structure of an R-tree index is determined by two solely by current values of the data being indexed. Instead,
critical parameters: the node size, and the order of insertsthe MBRs are defined based upon the nature of changes to
and deletes. The node size is chosen to be a multiple of diskdata values. As we will see soon, this can maximize the op-
blocks. The structure that results is largely determined by portunity for applying lazy updates and reduce the number
the splitting of overfull nodes. The R-tree (like other in- of updates that cross MBR boundaries. While the future up-
dex structures) attempts to find a split of the children of the dates (or queries) cannot be predicted, we assume that the
overfull node in order to achieve balance (each of the split past behavior is a good indicator of events in the future.
nodes has roughly the same number of children), and im-With this in mind, our algorithm utilizes the history of up-
prove search performance. It is assumed that the area of thelates to create @T-R-tree, in order to facilitate future up-
resulting MBR of each child is proportional to the number dates. In this section, we describe how this index is created,
of queries that will access the corresponding node. Consefollowed by a discussion of index maintenance operations.
guently, the goal is to minimize this area. Other structures In some of the models for changing data, the data vari-
such as R*-trees use a slightly more complicated decisionations are modeled as a straight line with constant rate of
process to determine the split, but with the same goal of change. For example, indexes based on kinetic data struc-
minimizing the expected number of queries that will inter- tures [5] assume mobility of objects in straight lines with
sect with the resulting nodes. In either case, the impact ofconstant velocity. Our model does not assume data changes
the split on future updates is not taken into account. For are well behaved. We only expect the changes are restricted
example, the split may result in a situation wherein objects to small range of values and in only a few moments rapid
frequently cross from one MBR to another — thereby result- changes occur. The rapid changes are followed by another
ing in a high update cost. set of small changes — again the changes are confined and

In the traditional R-tree, the MBR is tight (i.e. it is random.
the smallest rectangle that contains all underlying objects).

This implies that there is at least one object touching each3.1 Creating aCT-R-Tree

side of the MBR (otherwise it would shrink further). Having

a small MBR improves search performance and pruning. In  Creating aCT-R-tree involves the following steps:
situations where the objects move constantly, these bound- 1. |dentification of MBRs (calledjuasi-static regions

ary objects are likely to move in and out of the MBR very (gs-regiony) that maximize the “tolerance” of the in-
frequently. Each time an object leaves the MBR, it has to be dex to updates. A gs-region is simply a range of the
re-inserted (either into a different MBR or stays in the same domain which encloses numerous updates. Updates
MBR after expansion). Note that the use of lazy updating that change the value from one gs-region to another
through the secondary index discussed above does notelim-  should be relatively infrequent (since these are expen-
inate this cost. Thus, tight MBR boundaries are good for sive updates). For the case of moving objects, these

search performance but can resultin a high update cost. The  are regions of space in which objects tend to remain

concept of having slightly larger MBRs than needed (that is,

the MBR is no Ionger minimumbounding rectangle) is ex- INote that the design of existing index structures is based upon a pre-
diction of future queries under the assumption that queries are uniformly

p|0re_d in [11]. The pTOPOSGd index, called tirdree, is €S- gistributed (i.e. the area of a MBR is a rough indicator of how often it wil
sentially an R-tree with “loose” MBRs. Whenever an MBR  be accessed by queries).
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Figure 2. (a) Initial gs-regions from object trails. (b) Object update graph.
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c.j—Kk

d.Bi(j, ) «— (XikYik)

Figure 3. Identifying gs-regions for object

0.

3.1.1 Phase 1: Identifying object gs-regions

This phase identifies rectangular regions of the domain that
are small and enclose numerous updates of an object. These
rectangles are essentialfys-regions since they represent
ranges of values where the data changes constantly in a con-
fined space. We begin by dividing the update trail of each
object into pieces that do not have very large changes over
a short period of time. As an example, consider Figure 2(a),
where some individual object trails are segmented into gs-
regions. The connected bold lines show the update trails of
objects. The dashed boxes represent the bounding rectan-
gles for initial gs-regions. For ease of exposition, we use an
example of mobile objects in two-dimensional space to de-
scribe the scenario. However, the algorithms presented here
are applicable to the general case of any multidimensional
data where the movement of an object represents the change
in data value.

Formally, let O1,0,,...,05 be n moving objects.
Let H; denote the trail history of objecO;. Then

for a long period of time. Qs-regions are generated by Hi 1S @ set of points{(Xi 1,y 1,ti1),. .., Xk Yikitik), -
consulting the history of updates received from each (%i.JHi|»Yi | tiri)) }, Whereti is the time when théth lo-

object (Section 3.1.1).

2. Using gs-regions found in step 1, construct a structure
called theupdate graphwhich depicts traffic among

gs-regions (Section3.1.2).

cation updatéXx; v, Vi k) occurs, andH;| is the total number
of samples inH;. Let B;i(j,k) be the bounding rectangle
(MBR) for O; which enclosed (% j, Vi j),..-,(Xik Yik)} in
Hi. Let Ai(j,k) be the area oB;(j,k). Further, letd;(j,k)
be the diameter (i.e. diagonal) Bf(j,k). We assume that

3. The update graph is used to merge gs-regions (Secyy; js ordered by increasing valuestof’s.

tion 3.1.3).

Figure 3 describes the algorithm for this phase. It

4. Creation of an empty, skeletal R-tree structure using “grow’s MBRs to enclose samples while tracing history
the identified gs-regions as MBRs at the leaf level, fol- records, and if an MBR satisfies certain criteria, it is
lowed by insertion of current data values to generate “frozen” as agsregion. We maintain a list of qualified

the CT-R-tree (Section 3.1.4).

MBRs for each objecO;, where we denote theh MBR



of this list by Bj,. Let A, be the area oB;j,, andrt; the 1.fori=1tondo
time objectO; spent inB;;. Step 1 introduces the variable A.for r =1toCj doMJr] 0
j,» which indicates the timg at which the oldest sample is B. while (3j,k € [1,Gj] and M[j] = 0 and M[K] = 0) such that

included in thdth MBR (Bj). Both j andl are setto 1, and Tij /AL < (Tij +Tik)/(Aijx) and
the first MBR,B; 1, contains only the first sampléx; 1, Vi 1) Tik/Ax < (Tij +Tik)/(Ajk) and A jk < Tareado
(Step 2). a. ExpandB; j to includeB; x

b. Replace common links & ; andB; x
by a single link, and update the weight of the link
C.Tij < Tij+Tik

Step 3 scans the trail of the object in increasing order
of time, identifyingqsregions on the way. In Step 3(A),
B; is expanded to include tHeh sample oH;. Step 3(B)

decides ifB;| should befrozenas agsregion, based on the d.- Ml <1
following conditions:
di(j,K) > Tgist 1) Figure 4. Merging gs-regions.
di(jk-di(ik-1) . X | . | |
t—t1 > lrate @) gs-regions). Figure 4 illustrates the details of how the graph

is formed for each object. For convenience@edenote the
number ofgsregions generated fromd;. Also define the
term “resident density”, which is the total amount of time

That is to say, after expandirigj(j,k) to some particular
threshold diameteTy;g, if Bi(j,k) grows at the rate faster

thanT;ate, We stop it from growing further. This relies on the that objects spend inside the gs-region) divided by the
fact that after the initial growth of the rectangle, if there is a area of the gs-region. In Step 1(A) we define an alelp

sudden incr_ease in growth rate of the region, the o_bject hasmark the regions that have already been merged and require
started moving faster and thus should not be considered a3 5 more attention Step 1(B) chooses grandk in [1,Ci]

lying in a qs—regign. As long as one of these two conditions which have not yet been merged. They have to satisfy the
are false; continues to grow to enclose more samples. following conditions in order to be merged:

Steps (a) to (d) in 3(B) take care of the situation when '
Bi, ceases to grow. First, we decide whetBgrshould be

considered as gsregion (Steps (a) and (b))Bi; is only Tig /AL < (T +Tik) /(A ) ®)
qualified as a gs-region when Toe/A k< (T +Ti . 4
1. te_q —tj is larger tharllme. This verifiesO; has stayed /A < (T T/ (A @)
long enough irB; . Singleton rectangles, such as those A jk < Tarea (5)
labeled ‘a’, ‘b, ‘c’, and ‘d’, in Figure 2(a), are also
eliminated. where A j x denote the area of the new rectangle that
2. The area 08”, i_e_,Ai,I , is smaller thaMarea. This re- tlght'y encloseﬁi,j ar_1dBi7k. These three conditions enforce
moves rectangles that are too large, whose dead spacthe rule that the pair of rectangles are merged only when
may lead to poor query performance. the resulting “resident density” of the resulting rectangle is

in which case we “freezeB; | (Step (a)(i)) and calculate, greater than each of the “resident densities” of the individ-
the time spent by the objéct B, (Step (b)(ii)). Steps7(c) ual rectangles. Moreover, rectangles are only merged when

and (d) create a new MBEY( 1), which only contains the ~ there is sufficient overlap. o

kth sample. The whole process is repeated again until all 'When all these conditions are Sat'_Sf'wi 1S expandgd

the samples i; are exhausted, at which time we obtain a to includeB; i (Step _(a)). Further, the links that are destined

sequence ofisregions forO;. to the same gs-region frol; j andB; are replaced by a

single link (Step (b)), with the weight of the new link up-

dated as the sum of the weights of the links being replaced.

The time valuet; j is then assigned to be the sum of the

We can represent the sequence of rectangular gs-regions jugime values of the merging rectangles (Step (c)). Notice

generated as a chain graph with the set of MBRsas ver- that the algorithm merges the rectangles in arbitrary order,

tices and link between each consecutive rectangles in thisuntil none of them satisfies the above criteria. This process

sequence (initially each edge is assumed to have a weights repeated for every object (Step 1).

1). Figure 2(b) shows this chain graph for the example his-  Once the update graphs for all objects are generated, we

tories shown in Figure 2(a) (for clarity not all nodes and take the union of all these graphs. A merging procedure

edges of this graph are shown). similar to Figure 4 is applied to this unified graph. This
We now discuss how to cluster the chain graph of eachmerging gives us a set of gs-regions as rectangles and a

object to obtain the@bject update graphwhere the cluster-  graph on it called thepdate graphThe time value of each

ing is based on grouping subsets of vertices (i.e., rectangularectangle gives the total amount of time that objects spent in

3.1.2 Phase 2: Creating an update graph



that rectangle, and the weight of lifik j) between two rect-
angles andj in the update graph gives the total number of ; = :
updates betweeB; andB;. Finally, we scale down all the 0o st | E
edge weights by the factor ofo, wheretror = max(t ;| h s2 :
(i.e., the longest duration of the trail histories). Each edge ; ;
weight now reflects the number of updates between two gs-
regions per unit time.
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Figure 6. Structural R-tree over gs-regions

Figure 5. Merged gs-regions.
ing factors for queries and updates respectively. Then we
merge two gs-regions if the following criterion holds:

3.1.3 Phase 3: Merging gs-regions via update graph AA
| . | Caw > Cofq - (6)
In the previous phase, merging occurs only when gs-regions A
have a reasonable amount of overlap. In other words, tWOFjgure 5 shows the gs-regions as a result of these merging
rectangles that do not overlap will not be merged by the steps for the example history.
above phase. However, there could be two unmerged rect-
angles petwc_aen \.Nh'Ch a large number of objects move. In3.1.4 Phase 4: Creating a structural R-tree
such a situation, it is reasonable to merge these rectangle to
form a single MBR and save update cost. In this stage, weGiven the set of gs-regions identified in the earlier phases,
use the update graph to detect such occurrences, and mergge first create an R-tree index on these gs-regions. This is
gs-regions if necessary. achieved by inserting the gs-regions into an empty R-tree.
The high volume of traffic between gs-regions by itself This forms aStructural R-treewhere the leaf level of this
cannot guarantee a good merge. This is because these redR-tree contains the gs-regions. Note that bulk loading tech-
angle can be far apart, in which case the merging of theseniques [3] for R-tree can be applied here with appropriate
gs-regions into a single MBR will result in a very large modifications, but since this is not the focus of this paper,
MBR, with lots of dead space. If this happens, many querieswe choose repeated insertions, a simpler method. We are
will hit this MBR unnecessarily, resulting in higher query not concerned here with the cost of constructing the index,
cost. Thus there is a trade-off between merging gs-regionssince index construction is seen as an offline process. We
and query cost. are more interested in the online query and update perfor-
We capture the effect of the various factors that con- mance of the index. Figure 6 shows the structural R-tree
tribute to this trade-off. LefA be the increase in area due that results for our running example.
to the merging operatio\ be the total area spanned by the Using the structural R-tree, we create the change tolerant
structure, andq be the query arrival rate. Then, we expect R-tree CT-R-Tree) over current data. The structural R-tree
thatrqAA/A queries per unit time will hit the dead space. does not index data — it indexes gs-regions. We begin by
This represents the loss due to this merge. On the otheiinserting the current data values into the structural R-tree,
hand, if the weight of the edge between these two gs-regiondreating the leaf level nodes of this index as one level above
in the update graph is, thenw s the rate of updates caused the leaf for theCT-R-Tree. The gs-regions in the leaves
by not merging these rectangles. @tandC, be the scal-  of the structural R-tree serve as the parent MBRs for the



data being inserted. Although these MBRs serve a similar
purpose as MBRs in a regular R-tree, they are treated spe- ; =
cially in two respects: (i) they are never removed from the i st
index (i.e. they are allowed to be underfull — in fact they
are all empty at the beginning of tl&T-R-Tree construc- h . 3
tion)? and (i) they are not split when overfull — this avoids . n
the high cost for updates. Thus there is a possibly unlimited |

overflow buffer (which can span multiple pages) attached to |

these MBRs, as in th¥-tree [6]. 5 s . i

We also attach a linked list of overflow buffers to each in-
ternal (non-leaf) MBR. When an object’s new position does | R b B

not fall in any of the gs-region MBRs (MBRs at leaf level), oh
it is stored in the lowest internal node whose MBR contains
the new location. The objects which are stored in the in-
ternal node buffers are likely to be those whose values are
changing rapidly. Usually, there are relatively fewer ob-
jects of this kind unless the movement patterns of objects
change significantly. In case any linked list overflow buffer
becomes too large, it is converted toaiR-tree. This issue

is addressed in more detail in [7]. Ge [ \ e e

To conclude, objects can be stored in the internal nodes, X E |
and each MBR (leaf or internal) has a special pointer to
its set of buffer pages. Figure 7 shows the structure of the
CT-R-tree for our example. This index has four levels as Figure 7. The Change Tolerant R-tree
opposed to the three levels of the structural R-tree of Fig-
ure 6. Examples of data points are shown in the top figure
of the domain. The nodes shown in dashed lines are eithefyre handled differently. We now describe how these oper-
linked lists of overflow buffers oa-R-trees for the internal  atjons are supported. Although all these operations are de-
nodes. The data objects are inserted at the new leaf level 0kcribed in terms of a two-dimensional space structure, they
this tree. can be extended to multiple dimensions.

Along with this structure we also maintain a secondary |pser(o). Insert objecio with location (0.x,0.y) into the
hash-index. Each entry in this hash-index consists of two jdex. Determine all the leaf level MBRS (gs-regions) that
fields: (1) object id and (2) a pointer to the page in R-tree ¢onain this point. If multiple MBRs contain the point, we
which contains its location. This structure is the same as thegose the one with minimum area (to optimize query per-
secondary index described in Section 2.1. Figure 1 showstmance). The object is inserted into the first non-full page
the structure. When we insert an object into the CT-R-Tree, of this MBR. If all pages are full, a new page is allocated
itis also simultaneously inserted into the hash-index and theg g the object is inserted into it. If none of the leaf-level
pointer in .its corresponding entry i_n Fhe hash index is set .to MBRs contain the point, a lowest level MBR that contains
the page in the CT-R-tree where it is stored. More details ihig noint is chosen. If more than one such MBRs exist, the
on insertions and other dynamic operations are presented ify,e with minimum area is chosen. Note that the overflow

[St]se][ss]se J[ [ J[ [ |

the next subsection. buffer associated with an internal node can be in the form
_ ) of either a linked list or a-R-tree. If the number of pages
3.2 Dynamic operations of the linked list is less thalfis; after insertion, the point is

inserted to the linked list. Otherwise, arR-tree is created,
Once the index structure is created for rectangular gs-to which all data in the linked list are moved. TheR-tree
regions, they are usually not deleted, even if they are empty_iS then attached to the internal node. Subsequent insertions
Thus the structure of the index is basically intact even whento the internal node will be directed to theR-tree. Finally,
objects are inserted or deleted. Query processing is similatthe entry foro in the hash-index is updated to point to the
to that of the R-tree while updates, insertions and deletionspage which containe.
Delete@). Search the hash-index for Deleteo from the

2 : : ip ey s

For now we assume the movement patterns of objects is never gage and deallocate the page if it is empty. Set the hash-
changed. If a gs-region becomes useless due to movement pattern change. d trv f t Il
it is possible to remove the gs-region from t88-R-tree. For details, index entry 1oro to null. )
please refer to [7]. UpdateLoc(o, (x1,Y1), (X2,¥2)). Consult the hash index for




0. Seto.x = xp,0.y =Yo. If (X2,y2) does not belong to the for each object are generated, or at I&gs}: of the popula-
same MBR, perfornDeletgo) andinserio). tion are at the ground level of buildings. Next, the simulator
Searchf,y). Searching for poinfx,y) follows the search  records the location updates of each object in a trace file,
pattern of R-tree. Since objects can also be stored in thewhich contains the timestamp of the update and the spa-
internal nodes, the search visits the set of buffer pages atial coordinates of the object at that time. The trace file
each internal node. If the overflow buffer is a linked list, the serves as the data source for our experiments. It captures,
search checks all the pages since the data in the linked lisfor each object, a total dflist + Nypdate lOCation updates.
is unordered. If it is am-R-tree, an R-tree range search is We use the firshy;st updates as the history profile. The first
performed. Nhist — 1 records are used to generate an R-tree composed of
RangeSearch(xy, Y1), (X2,¥2)). This is similar toSearch gs-regions. Théls-th sample is then inserted to the R-tree
Each MBR which intersects with the rectangle (lower left to produce theCT-R-tree. Once th€T-R-tree is built, the
(x1,y1) and upper rightx,, y»)) qualifies. remainingNypgateSamples are modeled as dynamic updates
As |0ng as traffic patterns do not Change Signiﬁcanﬂy, to the CT-R-tree, as well as other R-tree variants. At the
the gs-regions discovered by our algorithms remain valid, Same time, range queries are generated at an average rate of
and our index performs well. However, when the pattern Aq- Each range query has the shape of a square, with central
of movement changes, previously undiscovered gs-regiong?0int chosen randomly within the city area and size equal to
may appear. Many objects may not fall into a qs_region, anda fractionfq of the city area. It should be noted that the city
they are accumulated in tleR-trees of internal nodes. We ~Map is used only by the City Simulator to generate realistic
can detect which MBRs of theseR-trees show stability, =~ movement of objects — it is not used for the generation of
change them into gs-regions, and insert them to the mainthe CT-R-tree index structure.
structure of theCT-R-tree. Details can be found in [7]. Since these are disk-based index structures, the number
of page I/Os is the natural metric for measuring the perfor-
mance of the indexes. We measure the number of page 1/0s
for reads and writes of both dynamic updates and queries
during the simulation. We do not distinguish between se-
We performed an extensive simulation study on the per- quential page 1/0Os and random page I/Os — each page is
formance of change-tolerant indexing. We implemented thetreated equally. This is likely to be a disadvantage for the
CT-R-tree, and compared its performance with three vari- CT-R-tree since its node buffer pages may often be multi-
ants of R-trees. A study of the sensitivity of tB&-R-tree to ple pages long, unlike the other trees for which the nodes
various parameters was also conducted. Below we discussire always the same size. Each page has a siB3.gd
the simulation model, followed by the experimental results. with a fan-out ofNentry. The secondary index of tHeT-R-
The experiment results for changing traffic patterns can betree (i.e., the hash table) has s&gsn We assume all tree

4 Experimental Results

found in [7]. structures and the hash table are stored on disk.
The City Simulator is implemented in Java and run under
4.1 Simulation Model Windows XP. The programs for generating 6&-R-tree

are written in C++ and Java, and the testbed is run on a
éJNIX server. Although we focus on the performance of
dynamic updates and queries, it is worth notice that the time
required to generate the CT-R-tree using the history profiles
is usually less than ten minutes. Also, since this process
_can be done in an offline fashion, it does not interrupt the
processing of online updates. Table 1 shows the parameters
of the simulation model, the parameters of tD&R-tree,

as well as their corresponding values.

Our experiments are based upon data generated by th
City Simulator 2.0 [9] developed independently at IBM.
The City Simulator simulates the realistic motion of up to
1 million people Nonj) moving in a city. The input to the
simulator is a map of a city. We used the sample map pro
vided with the simulator that models a city containing 71
buildings, 48 roads, six road intersections and one park.
Each building is three-dimensional and contains a number
of floors. The simulator models the movement of objects
within the building and on the roads and park. To generate4.2 Results
reasonable movement and occupation of buildings, the sim-
ulator keeps track of two conditions based on parameters Here we present the simulation results of @ER-tree.

Trin and Tempty The simulator ensures that the fraction of Four index structures are evaluated in our experiments: (i)
people at the ground level lies betweBf and Tempty the traditional R-tree [16]; (ii) the traditional R-tree aug-

Each object reports its location to the server at an averagamented with lazy updating using the secondary index struc-
rate ofA,. Before recording the simulation results, the sim- ture shown in Figure 1. We call thlazy-R-tree; (iii) the
ulator enters a warm-up phase, where at hgi, samples  a-tree which is essentially an R-tree with lazy updating



and expanded MBRs (i.e. the MBRs are not minimal, but changes in object values. The advantage of better update
widened by a factor oft (we useda = 0.1 in our experi- performance more than compensates for the slightly poorer
ments); and (iv) th&€T-R-tree. query performance.

[ Param | Default [ Meaning [
Simulation parameters

4.2.1 Effect of Update/Query Ratio

We begin by studying the relative performance of the vari- || M 5,000 | Location update rate (sef)
. . | Tstart 0.15 Start threshold

ous index structures as the number of queries and updateg o 0.09 Fill threshold

. : . i )

|fs varlgc;. Figure 8 szows(:jthe ;otalhnulgnber of pagé: I/Os per- Tempty | 0.5 Empty threshold

ormed for query and update for the R-tree, kerR-tree, Nobi 1P # of moving objects

thea-tree and th€T-R-tree. The performance is measured || N, | 2000 Max samples skipped before recording

under the same query generation rate but different update| N 110 # of historic samples (per object)
arrival rates. To generate a slower update rate, some locay Nypgate | 20 # of online updates (per object)
tion samples are skipped. It should be noted that this graph| Aq 50 Query arrival rate (sec)

uses a Log-scale on both axes. As the ratio of update ratg| fq 0.1 Query size (% of the city area)
over the query rate (abbreviated as update/query ratio) is in- CT-R-tree parameters

creased from 10 to 10%, all four indexes show an increase || Tdist 25 Distance threshold in Eqn In

in the number of I/Os. This is because increasing the updatg| Tate | 1 Max growth rate of gs-regiomi/seq
rate implies more demands on the index, and consequently| ltime | 300 Min time objects in gs-region (sec)
more 1/Os are needed. Tarea 22500 | Max area of gs-regiomg)

. Cq 1 Query scaling factor (Egn 6)
When the update/query ratio is low, tRg-R-tree takes c, 1 Update Scaling factor (Eqn 6)

about two times as many I/Os than other R-tree variants. 2000 Size of a page (byles)
Recall that the R-tree and thezy-R-tree uses MBRs, which Epa?e 20 % of entrieps (gper gage)

A . s entry
are tight bounds over the enclosed objech values. On the Shash 8 Size of secondary index (Mbytes)
other hand, th&€T-R-tree employs gs-regions that do not
necessarily enclose as tightly as MBRs. When a query is ex-

ecuted, its query region potentially has less overlap with the Table 1. Parameters and baseline values.
R-tree’s MBRs than with gs-regions. This results in fewer
searches and better performance. Withoaof 0.1, the ex- The CT-R-tree works the best under high update rates

panded MBR of thex-tree is slightly larger than the other because it is aware of the presence of gs-regions, and uses
R-trees. Thus it also suffers the same problem asCfhe them to cluster the search space. Further, these gs-regions
R-tree and its performance is worse than the R-tree. Theare not split further into smaller units. Therefore, when an
advantage of using the secondary structure inlalzgR- object moves inside the gs-region, no matter how frequently
tree gives it a minor edge over the traditional R-tree since it reports its value, only the secondary index is consulted
it saves the cost of accessing the R-tree when an update@nd the current value is directly updated in the leaf node. As
object remains inside the same leaf node. the update/query ratio increases, the improvement over R-
Towards the right end of the graph, when the update trees is more obvious. In particular, when the update/query
workload dominates the query workload, t-R-tree ratio is 1000, the number of 1/0Os required by B&R-tree
registers a significant improvement over other R-tree vari- is only 1/4th that of ther-tree, 1/7th that of thiazy-R-tree,
ants. In fact, once the update/query ratio crosses ager 5 and 1/27th that of the R-tree.
the number of I/Os needed by all three R-trees increases
sharply, whereas theT-R-tree gracefully handles the high 4 5 5 Effect of Query Size
update burden. When updates are much more frequent than
queries, which is a typical scenario in sensor and moving Since thdazyR-tree maintains tighter bounding rectangles
object databases, the R-tree suffers from expensive updateshan thea-tree and theCT-R-tree, it is expected to outper-
The distinction between the R-tree and theyR-tree be-  form them for querying. In this experiment, we examine
gins to show in this high update setting as the secondarymore precisely how well théazy-R-tree outperforms the
index yields significant gains from cheaper updates.de two indexes by measuring the ratio of the query 1/0Os of two
tree improves further over tHazy-R-tree since it can han-  trees over the query I/Os for thazy-R-tree. Note that the
dle more updates through the secondary index on accountazy-R-tree and the traditional R-tree have identical query
of its more lax MBR. TheCT-R-tree clearly outperforms  performance. Figure 9 shows the ratios over different query
the other indexes in this high update environment since itssizes. The query size is varied from 0.1% to 2% of the do-
structure is inherently designed to maximize tolerance to main. We observe that both tleetree and theCT-R-tree
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require more query 1/Os than the R-tree. Also, GER- .
tree needs more query I/Os than thdree. As the query
size increases, their performance starts to converge to that ]
of the R-tree. The reason is that with a large query area, the //
probability that a given region will be covered by a query in-
creases. Thus the advantage of having a smaller area MBR E T e ’
reduces. To see this, consider a very large query that covers
95% of the space — it is highly likely that most MBRs will
overlap with this query and therefore need to be searched.
In that case, searching a gs-region in @ER-tree can be
even more effective than searching in the R-tree, becausegperformance gap between the two indexedenswith in-
in a gs-region (i.e., leaf-level of tH@T-R-tree), objects are  creasing number of objects. The rationale is two-fold: First,
stored in a linked list of buckets. If most of the gs-region is when more objects are maintained in the system, more up-
covered by the query, then accessing the objects i€he  date requests are generated. As discussed in 4.2.1, the per-
R-tree is likely faster than accessing the corresponding aregormance of the R-tree degrades more than that oEth&-
in the R-tree, where a tree traversal is necessary. Hence, theree. Second, the city plan is fixed. Injecting more objects to
performance o€T-R-tree improves over large query size. the city implies a higher population density. Many objects
Although theCT-R-tree does not perform as well for are close to each other, so that they have a higher chance
queries as the other two indexes, we can see from Fig-of being clustered to the same MBR. As a result, an MBR
ure 10 that it is the clear winner in terms of overall perfor- gets full easily, and more splits are necessary to maintain
mance (total number of I/Os). THeT-R-tree is designed the R-tree. ACT-R-tree does not perform splits. Instead, a
for databases with more updates than queries. Its loss imew bucket is created and added to the linked list pointed to
query performance is compensated with a significant gainthe leaf node. Since a gs-region has limited size, the linked
in update performance, resulting in three-fold improvement list maintained in the gs-region requires fewer 1/Os than the
over theo-tree, and four-fold improvement over the lazy-R- R-tree with increased density.
tree, consistently over all query sizes considered.

Total lI0s.

Figure 10. Total I/O vs. Query Size

4.2.4 Sensitivity to Parameter Values

4.2.3 Scalability of CT-R-tree ) i . .
This set of experiments studies the sensitivity of @eR-

In this experiment, we study the scalability of tBd-R- tree to its parameter values, naméalys;, Trate, Tarear @nd
tree. The number of 1/Os for tHazy-R-tree and th&€T-R- Tiime- These parameters are used in the first step of identi-
tree are reported for up to 500K objects (Figure 11). We ob- fying gs-regions, so their values can be critical to the per-
serve that th€T-R-tree performs better than theezy-R-tree formance results. We examine the I/O performance of the
as the number of objects is increased from the baseline valueCT-R-tree over a wide range of values for these parameters.
(100K). This shows that the T-R-tree scales with the num-  The results forT 4 and Tareq are shown in Figures 12(a)
ber of objects. A closer look at the graph reveals that the and (b) respectively. The results fofis and Tiime Showed
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TR o tures can be used for indexing the positions of moving ob-
] jects. However, they are not efficient because of frequent
] and numerous update operations.
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To reduce the number of updates, many approaches de-
scribe a moving object’s location by a linear function, and
the index is updated only when the parameters of the func-
tion change, for example, when the moving object changes
its speed or direction. Saltenis et al. [13] proposed the time-

] parameterized R-tree (TPR-tree). In this scheme, the posi-

disk I/Os
X

T P o tion of a moving point is represented by a reference position
Figure 11. Total I/O vs. Number of objects and a corresponding velocity vector. The MBRs of the tree

vary with time as a function of the enclosed objects. When
splitting nodes, the TPRtree considers both the positions of
the moving points and their velocities. Later, Tao et al. [14]
trends very similar to those fdtate and the graphs are om-  yresented TPRtree, which extends the idea of TPR-trees
mitted due to space constraints. Each graph plots the NUMyy employing a different set of insertion and deletion al-
ber of page 1/Os for query and update for & R-tree as  gorithms in order to minimize the query cost. Kollios et
a function of the respective parameter. al. [10] proposed an efficient indexing scheme using parti-
In general, these graphs illustrate flat curves for update.tion trees. Tayeb et al. [15] introduced the issue of index-
query and overall I/O performance, over a wide range of jnq moving objects to query the present and future positions
values. This indicates that ti&T-R-tree is not sensitive to  5ng proposed PMR-Quadtree for indexing moving objects.
these parameters and therefore it is not critical to chooseAgarwa| et al. [1] proposed various schemes based on the
precise parameter values for th-R-Tree to work effi-  quality and developed an efficient indexing scheme to an-
ciently. As long as the parameter values are “reasonable” qyer approximate nearest-neighbor queries. The problem
the CT-R-tree behaves well. Special care needs to be takenyity all these techniques is that there hardly exists a good
in choosing a value foffarea, though. In particular, one  fnction for describing the objects’ movements in reality. In
needs to avoid choosing a value that is too small, otherwisemany applications, the movement of objects is complicated
the number of gs-regions may be too small, or gs-regionsang non-linear. In such situations, the approaches based
may tend to be smaller than they should be. Many objectsqp, 4 jinear function cannot work efficiently— the function
that should be in a gs-region may then not be able to hit changes too often. Approximation technique using thresh-
one of these small gs-regions. They are forced to be placedy|q sych as maximal velocity has been proposed to reduce
in the overflow pages of the internal nodes, leading to poor ihe ypdate cost. However, this approximation technique can

performance. _ decrease the efficiency of the index.
In practice, the appropriate values of the parameters de-

pend on particular applications. It is suggested to have an
initial study of the application semantics, for example, by

examining a few records of history trails, in order to per- . . . - .
form a “reasonable guess” over the parameter values. na rectilinear motion Wlth fixed yelomﬂgs. The updates
We also studied the effect of changing traffic patterns on are in the form of change in velocity or direction of an ob-

a-R-tree experimentally. We modified our scheme to adalotJect. A kinetic event occurs when objects change their ve-
locities or directions or when the combinatorial structure

to changes, i.e., by discovering and removisregions. ; .
Our experiment results shows that the new scheme can adghanges €.g. when two points cross each other. The idea

just the structure of th€T-R-tree in accordance to traffic > that the structure only needs to be updated when such
changes. Due to space limitation, interested readers are relgmeﬂc event occurs. These data structures were applied to
ferred to [7] for more details. solve geom_etry problems such as c_:losest pair, convex hull
and Voronoi diagram problems efficiently while objects are
moving continuously. Kinetic space partitioning tree (or
5 Related Work cell-trees) were introduced by [2]. Based on this notion
of kinetic data structures, Agarwal et al. [1] proposed a ki-
Developing an efficient index structure for constantly netic version of the kd-tree, where the medians are dynam-
evolving data is an important research issue for databasesically maintained. However, most works have been on the
Most works in this area so far focus on moving object envi- main memory data structures. For external memory, Agar-
ronments, where the positions of objects keep changing. Aswal et al. [1] applied this idea to external range trees [4] and
a simple approach, multi-dimensional spatial index struc- bounds on query performance are proved.

In the computational geometry community, kinetic data
structures [5] were introduced for mobile data. These are
main memory structures that assume that the objects move

11



600000 , 600000
Update —+—
Query -——x-—
500000 |- Total - 500000 |-
400000 - B B 400000 -
.
Q T Q
% 300000 | % 300000 |
a a
200000 - 200000 -
100000 100000
e
o . . . . . o
0 2 4 6 8 10
Max growth rate of slow region(m/s)

@)

Updéle —_—

100 150 200
Max area of slow region

(b)

250

Figure 12. Performance for (a) Tiate, and (b) Tarea

6 Conclusion and Future Work

Traditionally, index structures are optimized for im-
proved query performance in the presence of less frequent

(6]

(7]

updates. For environments such as sensor and moving ob-
ject databases where data is constantly evolving traditional [8] A. Guttman. R-trees: A dynamic index structure for spatial

index structures give poor performance. We introduced the
notion of Change Toleranindexing for these high update
environments. Change tolerant indexes optimize for both
query and update performance. We developed the algo-
rithms for creation and use of a change tolerant R-tree in-
dex. Experimental results showed the superior performance
of the proposed index structure. The propo§EdR-tree
trades slightly poorer query performance for much superior
update performance resulting in better overall performance.

[9] J.

(10]

(11]

The performance was also found to be robust with regards to[12]
number of objects and queries, and query sizes. We observe
that the generic idea of change tolerant indexing can be ap-[13]
plied to other index structures. We plan to study change
tolerant versions of these other index structures in more de-

tail. [14]
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