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Abstract constitutes now an integrated part of most database

system engines which usually adopt the simple,

The paper presents a complete framework for sgrxible and efficient Rtree structure.d., Oracle,
tial indexing support in a distributed setting. We1ySQL). Spatial indices suppopoint, window and
consider a shared-nothing environment where a agrest-neighbor queries over multidimensional ob-
of servers provides independent storage and cgeets g.g., points in high-dimensional spaces) and
putational services. Servers only communicagpatial objecté.g., linear or surfacic features approx-
through point-to-point messaging, and constituteirdated by their bounding boxes). point query re-
non-structured networki.g., non-central server ortrieves linear or surfacic objects that contain a point
"super peer"). These features cover two popular afgument; awindow query retrieves points, linear
chitectures, namely a strongly connected cluster ¢ surfacic objects which intersect (or are contained
servers, and P2P networks. in) a window argument; a nearest-neighbor query or

Our proposal extends the recently proposed "ScANN query retrieves thek objects which are nearest
able Distributed Rtree (SD-Rtree)" structure witto a point argument. These techniques are widely ac-
new algorithms and protocols. More specifically, weepted as robust solutions for multidimensional and
introduce a nearest-neighbors algorithm, a load bgpatial data management in centralized settings
ancing method and a termination proto.col.. The resuItRecentIy, the advent of popular distributed sys-
constitutes a set of functionalities for distributed sp?é

L . ms for sharing resources across large numbers of
tial indexing that matches those commonly found In

. . computers has encouraged research to extend cen-
centralized architectures.

tralized indexing techniques to support queries is

Keywords. such contexts. However, only a few work so far has
Distributed index, storage balancing, share-nothing considered the extension of spatial structures and al-
architecture. gorithms to distributed environments. Since index

structures are central to efficient data retrieval, it is
important to provide support for efficient processing
1 Introduction of common spatial queries for distributed settings.

In the present paper we describe a distributed in-

Spatial indexing has been studied intensively Sinﬁgxing framework, based on the Riree principles,
the early works on Rtrees [9] and Quadiree [6] at tI\’}\?nich supports all the crucial operations found in

beginning of the 80's. For a recent survey see [17]'c|éntralized systems : insertions (without duplication

“Work partially funded by the Wspom project, OF clipping) and deletions; point, window akdNN
http: //wisdom.lip6.fr queries. We measure their complexity as the num-




ber of messages exchanged between nodes, and dbewwg then geer. Second we enrich accordingly the
that this complexity is logarithmic in the number oproposal with dedicated protocols: a load-balancing
nodes. Our algorithms are adapted from the centrptotocol, and a termination protocol. Finally we
ized ones by assuming that (i) no central directoopmplement the point and window query described
is used for data addressing and (ii) nodes commin{5] with a £-NN algorithm.
nicate only through point-to-point messages. TheseThe core features of our method have been imple-
are strong but necessary assumptions which allowrmented and tested over several datasets. We refer
to address a wide range of shared-nothing architég{5] for the presentation and the experimental val-
tures. It means in particular that we aim at an evéation of our architecture. We report only our new
distribution of the computing and storage load ovexperiments concerning the storage balancing. The
the participating servers, and avoid to rely on “suppresent paper aims at providing a complete specifi-
peers” and hierarchical network topologies. cation for a distributed spatial indexing method in
Our framework relies on specialized componentsistructured networks of servers.

to deal with these specific constraints. In short:
Related work

1. each node maintains in a local cache tie Until recently, most of the spatial indexing de-
age of the global tree, and bases the addressgn efforts have been devoted to centralized sys-
ing of messages on this image; since an imag#ns [7] although, for non-spatial data, research de-
may be outdatedhddressing errors may occur, voted to an efficient distribution of large datasets
i.e., a query is sent to a node different from this well-established [4, 14, 3]. The architecture of
one the query should address; an opportunistite many SDDS schemes are hash-based, e.g., vari-
image refreshment method is then applied aadts of LH* [15], or use a Distributed Hash Table
guarantees that the addressing error does not(HT) [4]. Some SDDSs are range partitioned, start-
peat; ing with RP* based [14], till BATON [10] most re-

_ o _ cently. There were also proposals based on quadtrees

2. we mtrodt_Jce aermlna_tlon _protoc_o_l, intended e hQT* [12]. [13] describes an adaptive in-
to cope with the possible instability of the nétgey method which offers dynamic load balancing of
work, and which sends to a requester an agsners and distributed collaboration. The structure
knowledgment message whenever its query g, ires a coordinator which maintains the load of
completed; each server.

3. finally we propose #ad-balancing method to The P-tree [3] is an interesting distributed B+-tree
deal with situations where an incoming flow of1at nas a concept similar to our image with a best-

insertions is sent to a network of servers whicfOrt fix up when updates happen. A major differ-
cannot, temporarily or definitely, extend itself"C€ lies in the view correction which is handled by
by allocating more storage resource dedicated processes on each peer in the P-tree, and

by IAMs triggered by inserts in our framework.

Our proposal is based on the recently proposedThe work [11] proposes an ambitious framework
SD-Rtree distributed index [5]. We rely on its gentermed VBI. The framework is a distributed dy-
eral structure, which is that of a distributed balancedmic binary tree with nodes at peers. VBI shares
binary spatial tree where each node carries the mihis and other principles with our proposal. VBI
imal bounding box (mbb) of the area covered by tteems aiming at the efficient manipulation of multi-
objects it stores. In the present paper we extend thimensional points. Our framework rather targets the
proposal with several important contributions. Firspatial (hon-zero surface) objects, as R-trees specif-
we consider a wider context where a node can caicglly. Consequently, as we enlarge a region syn-
both the client (sending queries) and server (providhronously with any insert needing it. VBI frame-
ing computing and storage resources) componem®rk advocates instead the storing of the correspond-
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ing point inserts in routing nodes, as so-called dis— ‘
crete data. It seems an open question how far ofgode and The spaiai

its server coverage |

can apply this facet of VBI to spatial objects. @ @

The rest of the paper presents first the structure of
the SD-Rtree (Section 2) and its construction (Sec- , _
tion 3). Section 4 presents the algorithms supported ~F19ure 1. Basic features of the SD-Riree
by the structure. The load balancing method is de-
scribed and discussed in Section 5. Experimenisd the tree- (dy, d; ) follows the classical Rtree or-
about storage balancing are reported in Sectiong@nization based on rectangle containment. The di-
Section 7 concludes the paper. rectory rectangle of4 is a, and the directory rect-

angles ofdy andd; are respectivelyo andc, with
a = mbb(b Uc). The rectanglea, b andc are kept
2 BaCkground: The SD-Rtree onryin (grder t)o guide insert and search operations.
i . If the serverS; must split in turn, its directory rect-
The $D—Rtree is conceptually similar to that _Of t_hgnglec is further divided and the objects distributed
classical AVL tree, although the data organ|zat|o‘,9,nmgs1 and a new serves, which stores a new

principles are taken from the Rtree spatial Comaiﬂiuting noder, and a new data nods. r keeps its

ment relationship [9]. directory rectangle and the dr of its left and right
children,d ande, with c = mbb(d U e). Each di-

2.1 Structure of the SD-Rtree rectory rectangle of a node is therefore represented

) ) exactly twice: on the node, and on its parent.

The SD—Rtree_ls a binary tree,_ mapped to a set OfA routing node maintains the id of its parent node,

servers. Each internal node,routing node, refers to and links to its left and right children. Alink is

exactly two children whose heights differ by at mogf quadrupleti(d, dr , hei ght , t ype) .Wherei d

one. This ensures that the height of a SD'Rtreeiésthe id of the server that stores the referenced

Ioggrith_mic in the numbgr of servers. Arouting nOOI|‘?ode,dr is the directory rectangle of the referenced
maintains also left and righlirectory rectangles (dr) node, hei ght is the height of the subtree rooted

WhiCh_ are the minimal bqunding boxes (mbb) of, "%t the referenced node anhg pe is eitherdat a or
spectively, the left and right subtrees. Finally each, it i ng. Whenever the type of a link idat a, it
leaf node, odata node, stores a subset of the indexepefers to the data node stored on server else it

objects. refers to the routing node. Note that a node can be

The tree .has.N leaves andV — 1 internal nodes identified by its type (data or routing) together with
which are distributed amony servers. Each servely,q iq of the server where it resides. When no am-

S; is uniquely identified .by an idand (.except se_rverbiguity arises, we will blur the distinction between a
Sp) stores exactly a paifr;, d;), r; being a routing node id and its server id.

node andii adata no.de. Asa dgta nodg, aserver ?Ctsl'he description of a routing node is as follows:
as an objects repository up to its maximal capacity.

The bounding box of these objects is ttieectory Type: RouTINGNODE

rectangle of the server. _ hei ght , dr : description of the routing node
Figure 1 shows a first example with three succes- | ef t | ri ght : links to the left and right children

sive evolutions. Initially (part A) there is one data par ent _i d: id of the parent routing node
noded, stored on server 0. After the first split (part OC: the Over|apping coverage

B), a new serverS; stores the paifry,d;) where

r1 is a routing node and; a data node. The ob- The routing node provides an exact local de-
jects have been distributed among the two servexgiption of the tree. In particular the di-
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rectory rectangle is always the geometric uniang node. These four links are added to any message
of left.dr and right.dr, and the height forwarded byS. When an operation requires a chain
is Max(left.height, right.height)+1. of n messages, the links are cumulated so that the
CC, the overlapping coverage, to be described next,application finally receives an IAM withn links.

is an array that contains the part of the directory rect-

angle shared with other servers. The type of a daia Overlapping coverage

node is as follows:
We cannot afford the traditional top-down search in a

Type: DATANODE distributed tree because it would overload the nodes
dat a: the local dataset near the tree root. Our search operations attempt to
dr : the directory rectangle find directly, without requiring a top-down traversal,
par ent _i d: id of the parent routing node a data nodel whose directory rectanglér satisfies
OC: the overlapping coverage the search predicate. However this strategy is not

sufficient with spatial structures that permit overlap-
ping, becausé does not contaiall the objects cov-
ered bydr. We must therefore be able to forward
An important concern when designing a distributetle query to all the servers that potentially match the
tree is the load of the servers that store the rogearch predicate. This requires the distributed main-
ing nodes located at or near the root. These servesance of some redundant information regarding the
are likely to receive proportionately much more meparts of the indexed area shared by several nodes,
sages. In the worst case all the messages must be ¢iasied overlapping coverage (OC) in the present pa-
routed to the root. This is unacceptable in a scalalper.
data structure which must distribute evenly the work A simple but costly solution would be to maintain,
over all the servers. on each data nodé, the path fromd to the root of

An application that accesses an SD-Rtree mathe tree, including the left and right regions refer-
tains animage of the distributed tree. This imageenced by each node on this path. From this informa-
provides a view which may be partial and/or oution we can deduce, when a point or window query
dated. During an insertion, the user/application es#-sent tod, the subtrees where the query must be
mates from its image the address of theget server  forwarded. We improve this basic scheme with two
which is the most likely to store the object. If thgignificant optimizations. First, if, is an ancestor
image is obsolete, the insertion can be routed to @ind or d itself, we keep only the part ef.dr which
incorrect server. The structure delivers then the ioverlaps the sibling ofi. This is the sufficient and
sertion to the correct server using its actual routimgcessary information for query forwarding. If the
node at the servers. The correct server sends backn@ersection is empty, we simply ignore it. Second
image adjustment message (IAM) to the requeste® trigger a maintenance operation only when this
Point and window queries also rely on the image twerlapping changes.
find quickly a server whose directory rectangle sat-

2.2 Theimage

isfies the query predicate. A message is then sentto *'"™™"° b-Spltef® o Bxensionol®
this server which carries out a local search, and roufe <~ R |[A -SRI A L€ R
the queries to other nodes if necessary. D D LE | D e

An image is a collection of links, stored locally; - ____ BJ | LR
and possibly organized as a local index if necessary.
Each time a servef is visited, the following links Figure 2: Overlapping coverage examples

can be collected: the data link describing the data
node of S; the routing link describing the routing Figure 2 illustrates the concept. The left part
node of S, and the left and right links of the rout-shows a two-levels tree rooted &t The overlap-
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ping coverage ofd and B, A.dr N B.dr, is stored 3.1 Insertion
in both nodes. When a query (say, a point query)
transmitted ta4, A knows from its overlapping cov-
erage that the query must be routed3df the point

As . o . .
ssume that a client applicatioff requires the in-
sertion of an object with rectanglembb in the dis-
argument belongs td N B. tribut_ed tree.C sea_rche; its local image and de-
) termines from the links i a data node which can

Next, consider the nod®. lIts a_ncestors arel storeo without any enlargement. If no such node ex-
and R. However_the subtrees which really mattqgt, the link whose dr is the closesttobb is chosen.
for query forwardmg are’ and B, _called theouter Indeed one can expect to find the correct data node
su_btrees of, respectivelyA and R with respect tOD_' in the neighborhood of, and therefore in the local
SinceD.drNC.dr = pandD.drNB.dr =, thereis . ¢ the SD-Riree. Note that the image is initially

a
no ngedd to fpryva:ddang_?]llj)e;y V\:hosi argum((jant (hpog}tnpty. C must know at least one nod€, and send
or window) is included InD.dr. In other words, t € the insertion request t&/. C will receive in return

ove_rlappmg coverage dp '_S empty. ) an initialization of its image.
Figure 2.b shows a split of the servBr its con- |t the selected link is of typeat a, C addresses a
tent has been partially moved to the new data nBde nessageNserRTIN-LEAF to S; else the link refers

and a new routing nodé’ has been inserted. Not§g 5 routing node and’ sends a messagei$ERT
that F' is now the outer subtree ot with respect |\_.sysTREEtO S.

to A. Since, however, the intersectiohdr N F.dr

is unchanged, there is no need to propagate any ups (INSERTIN-LEAF message)S receives the
date of the OC to the subtree rootedAt Finally message; if the directory rectangle of its data
the subtree rooted af may also evolve. Figure 2.c nodedg covers actually.mbb, S can take the
shows an extension d such that the intersection decision to inserd in its local repository; there
with F'is no longer empty. However our insertion  is no need to make any other modification in
algorithm guarantees that no node can make the de- the distributed tree (if no split occurs); else the
cision to enlarge its own directory rectangle without message isut of range, and a messagelSERT
referring first to its parent. Therefore the object’s in-  IN-SUBTREE is routed to the parerfi’ of d;
sertion which triggers the extension &f has first

been routed tol. Becauset knows the space shared ® (INSERFIN-SUBTREE message) when a server

with F', it can transmit this information to its chilB®,
along with the insertion request. The OCIBfnow
includesD.dr N F.dr. Any point queryP received

S’ receives such a message, it first consults its
routing noderg: to check whether its directory
rectangle covers; if no the message is for-

by D such thatP C D.dr N F.dr must be forwarded warded to the parent until a satisfying subtree is
to F. N found (in the worst case one reaches the root);

if yes the insertion is carried out fromy: us-
ing the classical Rtree top-down insertion algo-
rithm. During the top-down traversal, the direc-
tory rectangles of the routing nodes may have to
be enlarged.

3 Insertion and deletions

We now describe insertions in and deletions from the

distributed tree. Recall that all these operations relylf the insertion could not be performed in one hop,
on animage of the structure (see above) which helpgbe server that finally inserts sends an acknowl-
to remain as much as possible near the leaves les@fjment ta”', along with an IAM containing all the

in the tree, thereby avoiding root overloading. Mordinks collected from the visited servers! can then
over, as a side effect of these operations, the imagéesh its image.

is adjusted through IAMs to better reflect the current The insertion process is shown on Figure 3. The
state of the structure. client chooses to send the insertion messagé,to



Assume thatS, cannot make the decision to insei3.2 Node splitting

o, because.mbb is not contained inly.dr. ThenSy h i loaded b . " .
initiates a bottom-up traversal of the SD-Rtree unw €N a serveb 1S overioaded by NEW INSErtions In
Its data repository, a split must be carried out. A new

a routing node whose dr covessis found (nodec .
9 L . .( . serverS’ is added to the system, and the data stored
on the figure). A classical insertion algorithm is per-

formed on the subtree rootedat The out-of-range on S is divided in two approximately equal subsets

path (ORP) consists of all the servers involved in thlléstIng ags%“t aél)gorlthrg S't”.“'ar to tr;att otfhth?jc![assmal
chain of messages. Their routing and data links cap- oo [9, 8]. One subset is moved to the data repos-

/ i i /
stitute the IAM which is sent back 6. ftory of 5. A new routing node's is stored on§
and becomes the immediate parent of the data nodes

respectively stored of and.S’.

©

Client null ( 1
image
sl s2 s3 s4 s5 55 empty @ empty @
4 ___insertion message - N -
O Server 0 Server 0 Server 0
Image Adjustment Message
nul 1 (a2 )
Fi 3 Thei fi I ith parent parent
ijgure o: e Inserton algoritnm ) ‘ | .
left right eft/ Q”Qh‘
e @) | (@)
Server 1 Server 1
TR
Initially the image ofC' is empty. The first inser- ) parent
tion query issued by’ is sent to the contact server.| ~= ~ —= < _: [ } left 4/ \right @
routing link  data link routing node data node parent L 1 22 )

More than likely this first query is out of range and
the contact server must initiate a path in the dis-
tributed tree through a subset of the servers. The
client will get back in its IAM the links of this subset
which serve to construct its initial image.

Server 2
Figure 4: Split operations

The management and distribution of routing and
data nodes are detailed on Figure 4 for the tree con-
In the worst case a clierdt sends to a serve¥ an struction of Figure 1. Initially (part A), the system

out-of-range message which triggers a chain of ugensists of a single server, with id 0.

successful NSERFIN-SUBTREE messages frond Every insertion is routed to this server, until its ca-
to the root of the SD-Rtree. This codtg; N mes- pacity is exceeded. After the first split (part B), the
sages. Then another setlof N messages is nectouting noder;, stored on server 1, keeps the follow-
essary to find the correct data node. Finally, ifiag information (we ignore the management of the
split occurs, another bottom-up traversal might laerlapping coverage for the time being):

required to adjust the heights along the path to the

root. So the worst-case results @3log N) mes-  ® thel ef t andri ght fields; both are data links
sages. However, if the image is reasonably accurate, thatreference respectively servers 0 and 1,

the insertion is routed to the part of the tree which
should host the inserted object, and this results in
a short out-of-range path with few messages. This
strategy reduces the workload of the root since it ise the parent id of the data nodes 0 and 1 is 1, the
accessed only for objects that fall outside the bound- id of the server that host their common parent
aries of the most-upper directory rectangles. routing node.

e its height (equal to 1) and its directory rectangle
(equal tombb(left.dr, right.dr)),



Since both thd eft andri ght links are of type
dat a links, the referenced servers are accessed as
data nodes (leaves) during a tree traversal. WO

Continuing with the same example, insertions are,

.
£ &

now routed either to server O or to server 1, us<p
ing a Rtree-like GIOOSESUBTREE procedure [9, 2].

When the server 1 becomes full again, the split gen- .
erates a new routing node on the server 2withthe v 757
following information: a e

a. The rotation pattern a(b(e(f,g), d), c} b. Choice move(g)=b(e(f,d), a(g,c))

e its| ef t andri ght data links point respec-
tively to server 1 and to server 2

e its parent _i d field refers to server 1, the
former parent routing node of the splitted data
node.

The right child ofr; becomes the routing node e e
and the height of; must be adjusted to 2. These two e ,,,,,,,,, 3 L9
modifications are done duringbattom-up traversal a d_ e
that follows any split operation. At this point the tree. choice move(@)=be(t.g), a(d.c)) | d. Choice move(=b(e(g,d), a(f,c)

is still balanced.

Figure 5: Rotation in the SD-Rtree

3.3 Rotation
(b(e(f,g),d),c). The operation is as

In order to preserve the balance of the tree, a rBIIOWS'

tation is sometimes required during the bottom-
traversal that adjusts the heights. The rotation of
the SD-Rtree takes advantage of the absence of or-

der on rectangles which gives more freedom for rew The routing noda becomes the right child of

organizing an unbalanced tree, compared to classi- p- o remains the left child ob andc the right
cal AVL trees. The technique is described with re-  .hild of a

spect to arotation pattern which is a subtree of the

forma(b(e(f, g), d), c) satisfying the follow- 3. One determines which one bf g or d should
ing conditions for some > 1: be the sibling ot in the new subtree. The cho-
sen node becomes the left child @f the other
pair constitutes the children ef.

b becomes the root of the reorganized subtree,

e height(c) = height(d) = height(f) =n —1

e height(g) = maxz(0,n — 2
ght(g) ( ) The choice of the moved node should be such that

An example of rotation pattern is shown on Fighe overlapping of the directory rectangleseond
ure 5. Note that, b ande are routing nodes. Now,a is minimized. Any pairwise combination df,
assume that a split occurs in a balanced SD-Rtreggad and c yields a balanced tree. The three pos-
nodes. A bottom-up traversal is necessary to adjusibilities, respectively calledove(g), nove(d)
the heights of the ancestors ©fUnbalanced nodes,andnove(f) are shown on Figure 5. The choice
if any, will be detected during this traversal. nmove( g) (Figure 5.b) is the best one for our exam-

The management of unbalanced nodes ale. All the information that constitute a rotation pat-
ways reduces to a rotation of a rotation pattetarn is available from theeft andri ght links on

7



the bottom-up adjust path that starts from the split the serverS; (or to its contact server if the im-
ted node. The rotation can be obtained in exactlyage is empty). Two cases occur: (i) the data node
messages famove(f) andnove( g), and 3 mes- rectangle on the target server contaifs then the
sages fompbve(d) because the subtree rooteceat point query can be applied locally to the data repos-

remains in that case the same. itory, and a PQRAVERSAL must also be routed to
the outer nodes in the overlapping coverage array
3.4 Deletion d.OC whose rectangle contain8 as well; (ii) an

out-of-range occurs (the data node on sefSjedoes
Deletion is somehow similar to that in an R-Tree [9hot contain P). The tree is then scanned bottom-
We can then consider two different strategies, dap from S, until a routing noder that containsP
pending on the frequency of the deletionsi) a is found. A PQRAVERSAL is applied fromr, and
serverS from which an object has been deleted mdgom the outer nodes in the overlapping coverage ar-
adjust covering rectangles on the path to the rootray ».OC whose directory rectangle contaif’s
(74) if the deletions are frequent, a lazy adjustment This algorithm ensures that all the parts of the tree
of the covering rectangles that does not require amwhich may contain the point argument are visited.
additional messagesg., a node may have coveringl' he overlapping coverage information stored at each
rectangles for its children that became false duertode avoids to visit the root for each query.
deletions; the updates will be encapsulated within theWith an up-to-date client image, the target server
following message from its children. In both cases,i# correct, and the number of PQAVERSAL which
may also eliminate the node if it has too few objectsiust be performed depends on the amount of over-
The SD-Rtree relocates then the remaining objectdapping with the leaf ancestors. It is well known in
its sibling.S” in the binary tree. Nod&’ becomes the the centralized case that a point might be shared by
child of its grandparent. An adjustment of the heiglail the rectangles of an Rtree, which means that, at
and of the bounding boxes that is propagated upwavdrse, all the nodes must be visited. With a decent
as necessary, perhaps requiring a rotation. distribution, a constant (and small) number of leaves
must be inspected. The worst case occurs when the
. data node dr overlaps with all the outer nodes along
4 Query algorithms its root path. Then a point query must be performed
o _ _ for each outer subtree of the root path. In general
We present in this section the algorithms for the mggfe cost can be estimated to 1 message sent to the

popular queries in spatial databases area, nam@lyrect server when the image is accurate, and within
point, window andk-NN queries. We also mtroduceo(lOg N) messages with an outdated image.
a termination protocol generally required in asyn-

chronous distributed environment. 4.2 Window queries
4.1 Point queries Win_dow queries are similar to pqint_queries. Giyen
a window IV, the client searches its image for a link
The point query algorithm uses a basic routine, P@-a node that containd’. A query message is sent
TRAVERSAL, which is the classical point-query alto the server that hosts the node. There, as usual,
gorithm for Rtree: at each node, one checks whettar out-of-range may occur because of image inaccu-
the point argumenk belongs to the left (resp. right)racy, in which case a bottom-up traversal is initiated
child’s directory rectangle. If yes the routine is calleith the tree. When a routing nodethat actually cov-
recursively for the left (resp. right) child node. ersW is found, the subtree rootedmatas well as the
First the client searches its image for a data nodeerlapping coverage of, allow to navigate to the
d whose directory rectangle contai#y according appropriate data nodes. The algorithm is given be-
to its image. A point query message is then sdotv. It applies also, with minimal changes, to point
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queries. The routine WQRAVERSAL is the classi- 1. find a data nodé/ that contains” and evaluate
cal Rtree window query algorithm adapted to a dis- locally the k-NN query;
tributed context.

2. from N, explore all the other data nodes which
potentially contain an object closer 1 than

WINDOWQUERY (W : rectangle) those found locally.

Input: a windowW
Output: the set of objects whosebb intersect3t’

begin The first step is a simple point-query as presented
/I Find the target server previously. Assume that a data nodé contain-
Choose in Image theurget Link correspondingtdé?  ing P is found. Thek-NN query is evaluated lo-
/I Check if correct server. Else move up the tree cally, i.e., without any extra-message, using a clas-
node := the node referred to birget Link; sical k-closest neighbors algorithm [16]. Note that

while (W & node.dr and node is not the root)
/l out of range
node := parent(node)

the choice depends on the data structure used locally,
and is therefore beyond the scope of the present pa-

endwhile per. The initial list of neighbors, found locally, is

/I Now node containsW’, or node is the root stored into an ordered ligteighbors(P, k).

if (node is a data node) Obviously, some closest neighbors may also be lo-
ISearch the local data repositotyde.data cated in other nodes, which may lead to an update of

else

neighbor(P, k). In order to determine which servers

/I Perform a window traversal fromode must be contacted, the following strategies can be

WQTRAVERSAL (node, W)

end considered.
/I Always scan th&@C array, and forward ;
for eac)rll (7,0¢;)in node.Oé do Range querying
if (W Noc; #0) then The first approach performs a range query over the
WQTRAVERSAL (outeryode (i), W) tree, the range being the distance betwedh and
endif the farthest object imeighbors(P, k).This is illus-
end for trated on Figure 6. The local search in naddinds

end a set of neighbors, the farthest being object The

distance fromP to O determines the range of the

The analysis is similar to that of point queries. Th%uery.
number of data nodes which interséztdepends on

. . Directory rectangle
the size ofi¥’. Once a node that contaifi is found,

QO’, closestto P

of node N ¥ than O
the WQTRAVERSAL must be broadcasted towards ,
these data nodes. The maximal length of each of . local neighbors(P, k
these broadcasted message patli(lsg V). Since Rangg L
the requests are forwarded in parallel, and result each ~ 9ue™ ooidd
in an IAM when a data node is finally reached, this P ¢
bound on the length of a chain guarantees that i closest to'P -
IAM size remains small. an L _/,,,/birectory rectangle
e ~ ofnode N
4.3 k-NN queries Directory rectangle
of node N"

We introduce now an algorithm that supports the
search for the: nearest neighbors of a poiit (k- Figure 6: Range query to retrieve objects from other
NN query). It can be decomposed in two steps: nodes



Now, still referring to figure 6, noded” and N” limit the number of servers to contact. We first recall
fall into this range. ThusV sends toN’ and N” a some useful distance measures#eIN queries, as
query with P and the radiug. The contacted nodesproposed in [16] and illustrated in Figure 8.
send back taV the object(s) that can replace one or

many element(s) ofeighbors(P, k). For example o [T 2
object(’, found in the space covered BY turnsout -~ mindist

to be closer taP thanO. N’ searches its local space®  most 2 A P
for all objects whose distance fois less tham. Ob- (a) first extreme case (b) second extreme case
jectO'’ is found and returned t&'. The same process

holds forN”, which returns objead”. Given the list Figure 8: The minMaxDist

of all objects retrieved through this process, seiVer

determines the final list of nearest neighbors. Still re-Let R be the bounding box of a set of rectangles.
ferring to figure 6, and assumirig= 5, the final list First letminDist denote the minimal distance be-

containsO’ but neitherO nor O”. tween a pOintP and R. Second note that each of
R’s edges shares at least one point with one of its
Improved &-NN search inner rectangles. Figure 8 shows the two extreme
The above algorithm broadcasts the query to @lsitions for a rectangle, inside R with respect to
the nodes that may potentially improve #iEN list. the edge closest t&. The maximal distance among
However some messages tend to be useless, as illysandd, represents the minimal distance frafto

trated on Figure 7. Assume nod€ is contacted 3 rectangle contained iR. This distance is denoted
first. It sends back taV objectO” which improves minMaaxzDist(P, R).

the nearest neighbors list, and reduces the maximajow, given a listneighbors(P, k), let dpq. be

radius tor’. Letr” be the distance betwedn and the distance betweeR and the last (farthest) object
the directory rectangle d¥”. Sincer” > 1/, there is jn neighbors(P, k). To support outk-NN querying
clearly no hope to get any closer neighbor froff.  strategy, we must slightly extend the notion of over-
lapping coverage (OC) presented in Section 2 to keep
information aboutall outer nodes, whether there is
an overlap or not. So the OC consists now of an ar-
. ray of the form[1 : oc1,2 : oca,- -+ ,n : ocy], such

that oc; is outery(N;).dr. If N’ is a node in the
Range R overlapping coverage d&f, the object closest t& in
query ¢ R N’ is at best at distancein Dist(P, N.dr), and at

" /P 90 worse at distanceninMaxzDist(P, N.dr). There-

"o fore if dynq. < minDist(P, N.dr), there is no hope

to improve the current list of neighbors by contacting
N'.

Directory rectangle
of node N

e " Directory rectang|
of node N

When processing &-NN query, we compute
the minDist and minMaxDist distances from
P to all the mbb of the nodes in the OC list.
We build a list L,,q (resp. L..mg) Of pairs

Figure 7: |mpr0\/ed€-NN query (Zdl,dl) where id; is the id of the nodeN;
and d; the value of minDist(P, N;.dr) (resp.

The improved strategy, presented below, generategn M ax Dist(P, N;.dr)).  Lpg and Ly,,q are
a chain of messages which contact the nodes in aorted ond; in ascending order. To determine
order which is estimated to deliver the quickest comhich server must be contacted we simply com-
vergence towards the final result. This is likely tpare the distance fron® to the farthest object in

Directory rectangle
of node N"
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neighbors(P, k), denotedi,,..., and the distances in
L,,q andL,,,,,q. Our algorithm relies on the two fol-

lowing observations: | J:::::r .....
- P '
i) if dpar < minDist(P, N;.dr) we do not have 0""&% .......

to visit nodeN;;

ii) if minMazDist(P, Ni.dr) < dmaes We mus® IV is visited,d%; anddy/ removed from lists
visit node N; because it contains an ob-

ject closer toP that the farthest object from Y N,

"

neighbors(P, k).

The algorithm maintains an ordered list of the il !
nodes that need to be visited. The first node of the 9, ERREEEE
list is then contacted. If it is a data node, a lo-
cal search is carried out, which possibly modlﬁé
neighbor(P, k), as well as the listd,,,; and L,,,;,,4-

If it is a routing node, it computes for its two chil-
dren the distancesin Dist andminM ax Dist, and
updatesL,,; and L,,,,q accordingly. This is illus- Output: the listneighbors(P, k), if no other server
trated in figure 9 where the routing nodehas to be  needs to be contacted
visited, regarding either itsinMax Dist dX! or its begin
minDist d with query pointo. WhenN is con-  Find the nodeV that contains”
tacted, it removes first}! (resp. d7) from the list Perform locally thei-NN search;

Store the result imeighbors(P, k), sorted on the
Lyma (resp. Ling). SlnceN knows the mbb of its  jistance ta?
two children, N, and Ny, it is able to compute the for each (id;, mbb;) € N.OC' do
minMazDist dy (resp. di)) andminDist dfj. Insert(id;, minMazDist(P,mbb;)) in Lyma
(resp.d]m\,l) for N, (resp.N)). ltinserts each of these  Insert(id;, minDist(P,mbb;)) iN Ly,q
distances in the appropriate ordered li&t,(,; or  endfor

L,q) and visits w.r.t. these lists the following node. L&tdma. be the distance betweénandlast(neighbory(F))

; ; ’ ; .
In both cases, the next server in the list is contacteérd ymmd) := first(Lmma); (id’, md) := first(Lma);
(mmd < dpq.) then

in turn, until no possible improvement of the nearest /I Continue thek-NN search on the server that hoafs;

neighbors can be obtained. The message transmit-k \n NexTSERV (Nig, P, neighbors(P, k), L

ted from one server to another contaiRs the list g|se |f(md < dpae) then

neighbor(P, k) at the current step of the algorithm, // Continue thek-NN search on the server that hoas;

and the lists,,,; and L, 4. KNN_NEXTSERV (N;4, P, neighbors(P, k), Lymd, Lmd)
An heuristic consists in contacting first the serverelse

with the minimalminMazDist since we know for /I The current list of neighbors can no longer be improved

sure that this modifieaeighbor (P, k) and reduces rrlz??m neighbors(P, k)

dmaz- When all the servers have been explored with 4

respect tominMaxDist, the remaining ones are

contacted with respect toinDist. The pseudo-

code of the algorithm is given below. KNN_NEXTSERV(N, P, neighbors(P, k), Lunmd, Lmd))
Input: a nodeN, the point queryP, a list of neighbors,
two lists of candidate servers
KNN_EVAL _INIT (P, k) Output: the listneighbors(P, k), if no other server needs
Input: a pointP, the number of nearest-neighbérs to be contacted

N

pew distances falv,. and V; inserted in lists

Figure 9: Updating_,,,;,q and L,,,4

mmd» md)

11



begin the end of every path in the graph is the server it got
RemoveN from L,,,q andL,,4 (if present) the reply from. It resends messages to the servers

if (V' is a routing node)then whose replies seem lost.
Add N'’s children toL,,,,,, andLL,,,4

else

Il N is a data node )
Updateneighbor (P, k) with objects fromN 5 Load Balancmg

endif . . . . . .
I/ Forward the search as in KNN VEL _INIT The insertion algorithm described in Section 3 re-

end quires a split each time a server is full. This adds
systematically a new server to the network. The in-
stitution that manages the network must be ready to
The cost of thisk-NN algorithm is in the worst allocate resource at any moment (in the case of a
case that of the simple range query approach. Houluster of servers), or a free server has to be available
ever in the average case the number of message riaghe case of an unsupervised network). We present
be drastically reduced. in this section a load balancing scheme which allows
a full node to transfer part of its data to lightly loaded
servers whenever new storage resources cannot be al-
located.
The termination protocol lets a client issuing a point This enables a more flexible framework where a
or window query figure out when to end the communode or a subtree that gets full may choose between
nication with the servers and to return the result &split or a data redistribution, depending on contex-
the application. The protocol may be probabilistitial parameters (availability and cost of new servers,
or deterministic. The probabilistic protocol meanes. higher messages exchanges rate if a redistribu-
here that (i) only the servers with data relevant to tiien is chosen). We first present the technique, an-
query respond, (ii) the client considers as establishalgize its cost and finally discuss how a convenient
the result got within some timeout. In unreliable coriradeoff can be chosen between a full-split and a full
figuration such protocol may lead to a miss, whosedistribution strategy.
probability may though be negligible in practice.
A straightforward deterministic protocol is in oUg 1  Revisited insertion
case theeverse path protocol. Each contacted server
other than the initial one, i.e., getting the query, sendssume that an objeet must be inserted in a full
the data found to the node from which it got theodeN. N may require a load balancing as follows.
query. The initial server collects the whole reply arfdirst it contacts, by sending bottom-up messages, its
sends it to the client. The obvious cost of the protoearest ancesta¥p which has at least one non-full
col is that each path followed by the query in the treskescendant, called tipevot node. If no such ancestor
has to be traversed twice. The alterndieect reply is found, the tree is full. We must proceed to a node
protocol does not have this cost, at the expensesplit of V, as presented previously. Otherwise, since
processing at the client. In the nutshell, each sernvEp is the nearest non-full ancestor, one of its two
getting the query responds to the client, whethersitibtrees (say.) contains only full nodes, including
found the relevant data or not. Each reply has aldd The other subtree (saj) contains at least one
the description of the query path in the tree betwesan-full node (Figure 10).
the initial server and the responding one. The tra-/Np must move some objects fromrooted atNVy,
versed servers accumulate this description includitiy R rooted atNg. For simplicity we describe the
into it also all its outer nodes intersecting the quetgchnique for a single object but it may be extended
window. It includes the OC tables found. The clierior redistributing larger sets.
examines the graph received and figures out whethe¥Ve need additional information to detect the pivot

4.4 Termination protocol

12



Np object must be put in the full nodd3. Since there
g exists at least one non-full node ¥z (N” for our

Np /.»"i'r';sen Ngr example), the pivot node has to be a descendant of
NR.
L redistribute R Second the nod&’ where the initial object had

to be put may still be full. So the redistribution algo-
rithm has to be iterated. For the very same reasons,
we know that the pivot node has to be a descendant
of Ny,. The load balancing stops when there is room
for insertingo in V.

e o o e
N' N3

[ ]
Z0w.

@ full node O non-full nod{a

Figure 10: Overview of the load balancing strategy
REDISTRIBUTE (IV : node)

Input: a full nodeN

node. We use two flag$iull;. ;s and Full,;gp, one begin
for each child, added to the routing node type. Flagf (N0 ancestoVe such thatVe. Fullyign, = 0) then
Full; is set tol when the subtree rooted at childs Split(V)
full. Flag values are maintained as follows. When aelse. :

i while (N is full) do
leaf becomes full, a message is sent to the server that ;; Assume wlog that right nodes are outer nodes
hosts its parent node to set the corresponding flag to Find an ancestaNp such thatVp. Fullyighi = 0
1. This one may in turn, if its companion flag is al- SetN;.Fullj.r, to 1 on that path
ready set td, alert its parent, and so on, possibly up  // Find the object to transfer
to the root,i.e, log(n) messages (effectively, quite ~ Determinel the centroid of the dr of Nr)
unfrequent since this implies a full tree). Note that Lmd = Lmma = Ni; neighbors(P, 1) := 0 _
these messages take place during the redistribution Z;eirr?ig:;;k}yg query with these parameters;
process and' serve to gle_termlne the p_|vot node. The INSERTIN-SUBTREE(0, Nz)
flags are maintained similarly for deletions. Update flags inVy if needed

In order to minimize the overlap between the mbb endwhile
of L andR, we need to redistribute tlubosest object  endif
indexed byL to the set of objects indexed By This €nd
can be achieved with NN query inL.

The query pointP is the centroid of the directory
rectangle ofNz. With that choice the query will re- ) case (a)
turn an object producing a small enlargement of the /\
overlapping coverage. TheNN algorithm is then ' L
initiated by Ny, which sets initiallyL,,,,,q and L,,4
to Ny, andneighbors(P, 1) to (). Ny re-inserts then
the object obtained as the result of this query in its
subtree. Th_is redistribution impacts the two subtrees () H=1 () ;_'|:2
Ny, andNg in two ways.

) . . ) pivot detection 1-NN query reinsert
First, the reinserted object may have to be assigned * message " message > messag§
to a full data node in the subtree rooted\gt. This
triggers another redistribution. However, sindg Figure 11: Redistributing data

was marked as non-full, we know that the pivot node
will be foundin the subtree rooted dtr. Consider  Figure 11 illustrates the algorithm when the height
for instance Figure 10, and assume that a reinsertddthe pivot node is respectively 1 (a) and 2 (b).
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The algorithm analysis is as follows. When a nodepivot, including the root, which results in a likely
N gets full, we needd messages to find the pivoperfect storage utilization, but to a maximal number
node Np, where H is the height ofNp. Then we of messages. The choice of parameidrighly de-
need H messages to find the object that must Ipends on the kind of applications our architecture is
moved from the left subtree iVp, Ny, to the right deployed for.

one,Ng. The reinsertion of an object costs mes-

sages. After this first step, we possibly have to iter- . ) .

ate the algorithm for the two insertions, respectivefy EXperimental validation

in Ny, and Ny (see Figure 11 for the example with _
H = 2). In both cases the pivot node’s height iWe report several experiments that evaluate the per-

at worseH — 1. This yields the recursive formulaformance of our proposed architecture over large
cost(H) = 3H + 2 x cost(H — 1). So finally datasets of 2-dimensional rectangles, using a dis-

cost(H) = Zz‘H:_Ol 91« 3(H —i) = O(H.QH)_ In tributed structure simulator written in C. Our datasets

the worst casel = log, n (i.e. the pivot node is the include both data produced by the GSTD genera-

root) and this results i®(n log, n) messages, wherdor [18], and real data corresponding to the MBRs of
n is the number of servers. 556,696 census blocks (polygons) of lowa, Kansa,

Missouri and Nebraska, provided by Tiger [1]. For
comparison purpose the number of synthetic objects,
generated following a uniform or a skewed distribu-
tion, is also set to 556,696. The capacity of each
The redistribution is costly, its main advantage beerver is set to 2,000 objects.

ing to save some splits, and thus the necessity to add

servers to the stru_cture_. An extreme strategy wo%c_il Cost of the redistribution

be to delay any split until all the servers are full. This

would clearly requires a lot of exchanges. It seemsfirst experiment is performed to stress the impact
more convenient to adopt a trade-off between splithe maximal pivot height allowed for the data re-
and redistributions. distribution.

The basic idea is to proceed only to “local” data re- First note that with our setting, whatever the dis-
organization by limiting data redistribution to a sultribution is, the height of the tree is 10. Figure 12a
tree of a full node, and not to the whole structure. Ahows that our redistribution algorithm highly re-
shown by the above analysis, the redistribution catices the number of servers requested, even for
is exponential in the height of the pivot node. Bgmall values of the maximal heightof a pivot node.
bounding this height, we limit the cost of redistribuFor instance with a uniform distribution, the number
tion at the price or more frequent splits, and less eff servers without redistribution is 440. Wiihset
fective storage utilization. Let represent the maxi-to 1, this number falls to 350, so a gain of 21% of
mal height for a pivot node. TheE®ISTRIBUTE(/N) the required resources. With higher valuesifpthe
is simply modified as follows; number of servers can reach 291, so a gain of 34%.

_ _ _ We observe similar results with other distributions.

e if height(Np) > v then splitNV The skewed distribution leads to a lower number

o else, apply RDISTRIBUTE(N) of servers if we do not use redistribution, compared

to other datasets. The reason is that insertions are

The choicer = 0 corresponds to a strategy whereoncentrated on a specific part of the indexing area,
we split whenever a node is full, without any dathence concerns mostly a subset of the pool. These
redistribution. This minimizes the number of mestodes fill in up to their capacity, then split and, since
sages exchanged. An opposite choice is tovset they still cover the dense insertion area, remain sub-
00, allowing to choose any ancestor of a full node gexct to high insertions load. With uniform distribu-

5.2 Finding a convenient tradeoff between
splits and redistribution
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Figure 13: Average server's occupancy rate w.r.t.
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messages. If we allow the pivot node to be at any
height, possibly up to the root, the number of mes-
sages reaches a value 30 times higher with our data!
Indeed, with this complete flexibility, the tree is al-
most full and a new insertion generally leads to a
costly iterative redistribution process, that may affect
all the nodes of the tree in the worst case. Analysis
of figures 12a-b suggests that settintp 4 provides
generally a number of servers very close to the best
Figure 12: Impact of the maximal height for the pivgsossible space occupancy, with a number of mes-
node sages “only” 10 times higher than without redistri-
bution.

1.5e+07

1e+07

number of messages

S5e+06

maximal height for pivot node

(b) Number of messages

tion, each node newly created is initially half-empty, ) ) _
and its probability to receive new insertion requesgs2 Analysis of server allocation profiles

is similar to that of the other nodes. This leads t_ﬂqe second set of experiments illustrates how our
a lower average space occupancy (63%)_ than Wétglution may be deployed in architectures support-
skewed data (69%), and therefore so a higher numg a mixed strategy. We make now the practical
ber of servers (Figure 13). assumption that the “traditional” insertion mecha-
Using the redistribution algorithm, one achievesfism (without redistribution) is used when there are
high fill-in rate for the servers,e. up to 96% with servers available. If, at some point, the system lacks
uniform diStribUtion, 98% with skewed diStribUtionof Storage resource, it dynamica”y switches to the
and 93% with real data (Figure 13). This value igdistribution mode, until new servers are added. We
already reached with a medium valueudfke 4 or 5. call “server allocation profile” the set of parameters
With v set to 1, the improvement is still noteworthythat describe this evolution, including the initial size
e.g., 79%, 78% and 75% for respectively uniforngf the server pool, the average time necessary to ex-
skewed and real datasets. tend the pool, and the number of servers added dur-
Figure 12b shows the cost in number of me@ig an extension.
sages of the redistribution strategy. Depending onThe experiment assumes that the system consists
the distribution, a rebalancing with a maximal pivot'sitially of 200 servers. When new resources are re-
height set to 1 requires between 2 and 4 times mapgested, a set of additional 25 servers is allocated.
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The shortage period between the request for newnany objects are inserted and they trigger a redis-
servers and their effective allocation (representedtiibution, thereby optimizing servers capacity. The
our profile by the number of insertion requests) casmount of storage balancing increases, and so does
responds to a forced redistribution mode and cathe total number of messages.

stitutes the variable parameter that we analyze. We
measure the behavior of the system as the total num-
ber of servers and messages required, the maxiL:z;il
height for the pivot node being setto 1, 2 or 3.

Conclusion

Our framework provides the Rtree capabilities for
large spatial data sets stored over interconnected

=l hegn2 —— servers. The distributed addressing and specific man-
height=3 --------

agement of the nodes with the overlapping cover-
age avoid the centralized calculus. We provide al-
. gorithms for traditional spatial queries that limits the

550 | . number of required messages. Our termination pro-
e tocol permits to decide in our asynchronous context

when the result is set. We also present a data dis-
tribution balancing algorithm that limits the splits at

300 Y E— the cost of additional messages. We believe that the

10000 20000 30000 40000 50000 60000 70000 80000 90000 10000( . . .
number of inserted cbjects within a shortage period scheme should fit the needs of new applications of
(2) Number of servers spatial data, using endlessly larger datasets.

o Future work on our framework should include

e — other spatial operations like spatial joins. One should

ses06 | study also more in depth the concurrent distributed
query processing. As for other well-known data

1ses0n |- 4 structures, additions to the scheme may perhaps in-
7 crease the efficiency in this context. A final issue re-

lates to the fanout of our structure. The binary choice

400 |5,

380 [ T 1

number of servers

340 - 4

320 - B

2.5e+06 -

12406 [~

number of messages

500000 |- 1 advocated in the present paper favors an even distri-
bution of both data and operations over the servers. A
2000 20000 50000 40000 50000 50000 70003 89000 F00DID0E Iarger fanout would reduce the tree height, at the ex-

number of inserted objects within a shortage period

pense of a more sophisticated mapping scheme. The
practicality of the related trade-offs remains to be de-
Figure 14: Impact of the number of inserted objectgrmined.

during a shortage period

(b) Number of messages
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