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Abstract. Bitmap indices are e�cien t data structures for querying read-

only data with lo w attribute cardinalities. T o impro v e the e�ciency of

the bitmap indices on attributes with high cardinalities, w e presen t a

new strategy to ev aluate queries using bitmap indices. This w ork is mo-

tiv ated b y a n um b er of scien ti�c data analysis applications where most

attributes ha v e cardinalities in the millions. On these attributes, binning

is a common strategy to reduce the size of the bitmap index. In this

article w e analyze ho w binning a�ects the n um b er of pages accessed dur-

ing query pro cessing, and prop ose an optimal w a y of using the bitmap

indices to reduce the n um b er of pages accessed. Compared with t w o ba-

sic strategies the new algorithm reduces the query resp onse time b y up

to a factor of t w o. On a set of �v e dimensional queries on real applica-

tion data, the bitmap indices are on a v erage 10 times faster than the

pro jection index.

1 In tro duction

Large scale, high-dimensional data analysis requires sp ecialized data structures

to e�cien tly query the searc h space. Both commercial data w arehouses and sci-

en ti�c data are t ypically read-only , and index data structures do not require

transactional supp ort for up date op erations. Under these conditions bitmap in-

dices are suitable for complex, m ulti-dimensional data analyses.

The basic idea of bitmap indices is to store one slice of bits p er distinct

attribute v alue (e.g. all in tegers from 0 to 140). Eac h bit of the slice is mapp ed

to a record or a data ob ject. The asso ciated bit is set if and only if the record's

v alue ful�lls the prop ert y in fo cus (e.g. the resp ectiv e v alue of the record is

equal to, sa y , 87). One of their main strengths is that complex logical selection
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op erations can b e p erformed v ery quic kly b y means of Bo olean op erators suc h

as AND, OR, or X OR.

The con tributions of this article are as follo ws. W e summarize the curren t

state of the art of bitmap index tec hnologies and fo cus in particular on queries

against scien ti�c data. Next w e in tro duce a no v el bitmap ev aluation tec hnique

and compare it with curren tly deplo y ed metho ds. W e pro vide b oth analyses and

exp erimen tal measuremen ts to sho w that the new strategy indeed minimizes the

n um b er of records scanned. In some cases w e observ e a factor t w o impro v emen t

in query resp onse time using the new strategy .

2 Related W ork

Bitmap indices are mostly used for On-Line Analytical Pro cessing (OLAP) and

data w arehouse applications [1] for complex queries in read-only or app end-

only en vironmen ts. The most commonly used bitmap enco ding strategies are

e quality, r ange or interval enco ding [2, 3]. Equalit y enco ding is optimized for

so-called exact matc h queries of the form a = v where a is an attribute and v

the v alue to b e searc hed for. Range enco ding, on the other hand, is optimized

for one-sided range queries of the from a op v where op 2 f <; � ; >; �g . Finally ,

in terv al enco ding sho ws the b est p erformance c haracteristics for t w o sided-range

queries of the form v

1

op a op v

2

.

T raditional bitmap indices are t ypically used on in teger and string v alues.

Ho w ev er, scien ti�c data is often based on 
oating p oin t v alues whic h requires

other kinds of bitmap indices based on binning [6, 7]. In this case, one bitmap

do es not represen t one attribute v alue but one attribute range (see Figure 1).

Assume that w e w an t to ev aluate the query x < 63. The bitmap that holds

these v alues is bitmap 4 (shaded in Figure 1). This bitmap represen ts 
oating

p oin t n um b ers in the range of 0 to 80. In order to ev aluate the query x < 63,

t w o additional steps are required in order to retriev e the v alues that matc h the

query condition.

Note that bitmap 4 represen ts v alues in the range of 0 to 80, whic h is more

than what w e ha v e sp eci�ed as our query condition (63). W e no w com bine bitmap

4 and bitmap 3 with the logical op erator X OR and get those v alues that are in

the range of 60 to 80. As depicted in Figure 1, t w o v alues are left that need to

b e read from disk and c hec k ed against the query constrain t x < 63. W e call this

additional step the c andidate che ck .

There are a n um b er of approac hes to reduce the index size and increase

the p erformance of the bitmap index for high cardinalit y attributes. These ap-

proac hes include m ulticomp onen t enco ding [2, 3], binning the attribute v alues

[6, 7] and compressing the bitmaps [4, 8].

3 Ev aluation Strategies

The query example in Section 2 is a t ypical one-dimensional query since the query

condition consists of only one attribute. F or m ulti-dimensional queries that con-
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Fig. 1. One-sided range query x < 63 on a range enco ded bitmap index.

tain sev eral attributes, for instance x

1

< 63 AND x

2

> 72 AND x

3

� 5 : 2, the

results of sev eral bitmaps need to b e com bined. The goal is to calculate the

in termediate result of eac h query dimension in suc h a w a y that the n um b er of

candidates and th us the n um b er of disk scans is minimized. In this section w e

presen t three di�eren t tec hniques for ev aluating bitmap indices with binning.

Assumptions and De�nitions: The follo wing analysis assumes all attributes

ha v e uniform distribution. This represen ts the w orst case for the bitmap indices,

whic h are usually more e�cien t on real application data as demonstrated in

Section 5. Without loss of generalit y , w e further assume the domain of eac h at-

tribute is normalized to b e [0, 1]. W e limit all queries to b e conjunctiv e with

a one-sided range condition on eac h attribute x

i

< v

i

. The bin b oundaries just

b elo w and ab o v e v

i

are denoted b y v

i

and v

i

resp ectiv ely . F or the attribute x in

the domain of [0, 140], the query x < 63 sho wn in Figure 1 is normalized to b e

x < 0 : 45. The lo w er and upp er ranges of the candidate bitmap are 60 and 80.

After normalization, w e yield v =0.43 and v = 0.57.

Strategy 1: Figures 2a) - g) sho w a graphical in terpretation of the bitmap

ev aluation strategy on a 2-dimensional query . In the �rst phase, the bitmap in-

dex is scanned for b oth attributes. The result is an L-shap e whic h represen ts

the candidate records (see Figure 2) of b oth dimensions 1 and 2. W e refer to

these candidates as C

tot

. Since the domains of the attributes are normalized, the

n um b er of records in C

tot

is equal to the area of the L-shap e times the total

n um b er of records N .

Let us assume the hit area for attribute i is denoted as H

i

and the candidates

for attribute i are denoted as C

i

. W e can calculate the candidate L-shap e C

tot

as follo ws: C

tot

= ( H

1

_ C

1

) ^ ( H

2

_ C

2

) � H , where H = H

1

^ H

2

. This is

equiv alen t to what is sho wn graphically in Figure 2.

In the next phase, the candidate c hec k for attribute 1 is p erformed b y reading

the attribute v alues from disk and c hec king them against the range condition. All



Fig. 2. Calculation of the candidate area for strategies 1 and 3.

Fig. 3. Bitmap ev aluation strategy 1.

records represen ted b y C

tot

are c hec k ed (see Figure 3a)). The records satisfying

the range condition in v olving attribute 1 is recorded as r

1

. Finally , the candidate

c hec k for dimension 2 is p erformed b y reading all attributes represen ted b y the

area r

1

(see Figure 3b)). The results of the 2-dimensional query are sho wn in

Figure 3c).

Let the candidate selectivit y of i th dimension s

i

b e the fraction of records that

need to b e scanned, the candidate selectivit y of the �rst dimension s

1

= v

1

v

2

�

v

1

v

2

, and the candidate selectivit y of the second dimension s

2

= v

1

v

2

� v

1

v

2

. In

general, the equation for the candidate selectivit y is:

s

i

=

0

@

i � 1

Y

j =1

v

j

d

Y

j = i

v

j

1

A

�

d

Y

j =1

v

j

(1)



where d refers to dimension. The total n um b er of records scanned S =

N

P

d

i =1

s

i

.

Ideally , w e w ould only read the candidate records during the candidate c hec k-

ing. Since most I/O system p erforms disk op erations in pages, more records are

actually read in to memory . T o more accurately ev aluate the cost of candidate

c hec king, w e compute the n um b er of page accesses for eac h attribute. Giv en the

candidate selectivit y s , the estimated n um b er of pages is (1 � e

�

sN

p

) p , where N

is the n um b er of records of the base data and p is the n um b er of pages for one

attribute [5]. The total n um b er of pages for all dimensions is

P

d

i =1

(1 � e

�

s

i

N

p

) p .

F or the next t w o bitmap ev aluation strategies, the n um b er of pages is estimated

analogically .

Strategy 2: This strategy ev aluates eac h dimension separately . Using the same

2D example as b efore, the bitmap index for the �rst attribute is ev aluated �rst

and the candidates of this attribute are c hec k ed immediately afterw ard (see Fig-

ure 4a)). After these op erations the condition in v olving the �rst attribute is fully

resolv ed. In Figure 4 the result is denoted as H

1

. Similarly , dimension 2 is ev alu-

ated. Since the query conditions are conjunctiv e, the �nal answ er m ust b e from

H

1

. Therefore, the candidates to b e c hec k ed m ust b e b oth in H

1

and C

2

. This

reduces the area from v

2

� v

2

to v

1

( v

2

� v

2

).

Fig. 4. Bitmap ev aluation strategy 2.

It is straigh tforw ard to extend this strategy to resolv e more attributes. The

candidate selectivit y of attribute i is as follo ws:

s

i

=

0

@

i � 1

Y

j =1

v

j

1

A

( v

i

� v

i

) (2)

Strategy 3: This strategy is an optimal com bination of Strategies 1 and 2.

Giv en the v alues are binned, it c hec ks the minimal n um b er of candidates.



Fig. 5. Bitmap ev aluation strategy 3.

The �rst phase of this tec hnique is iden tical to Strategy 1. Once the L-

shap ed area C

tot

is computed, the candidate c hec k for dimension 1 can b egin.

Ho w ev er, rather than scanning all attributes represen ted b y C

tot

, this area is

reduced b y \AND"ing together the candidate bitmap C

1

with C

tot

(see Figure

5c)). In this case the candidate selectivit y is s

1

= ( v

1

� v

1

) v

2

. The result of this

candidate c hec k r

1

is com bined with C

tot

and C

1

to pro duce a re�ned candidate

set R

1

= C

tot

^ : ( M

1

^ : r

1

), where M

1

= C

tot

^ C

1

.

T o determine the minimal candidate set for attribute 2, the re�ned candidate

set R

1

and the candidate set C

2

are \AND"ed together, whic h pro duces M

2

. The

area represen ting M

2

is v

1

( v

2

� v

2

). Let r

2

denote the result of this candidate

c hec k. The �nal result of the t w o dimensional query is H _ R

2

, where R

2

=

R

1

^ : ( M

2

^ : r

2

).

The whole pro cess is depicted in Figure 5. In general, the candidate selectivit y

for attribute i is as follo ws:
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This strategy c hec ks the minimal n um b er of candidates. It ac hiev es this with

some extra op erations on bitmaps. The �rst t w o strategies only need to access

the bitmap indices once. Ho w ev er, this strategy has to access the bitmap indices

t wice: once to determine the initial candidate set C

tot

and once to determine

the candidates for the i th attribute to compute C

i

. In addition, it needs more

bit wise logical op erations after eac h candidate c hec king to re�ne the candidate

sets. These extra bitmap op erations clearly require time. One question w e seek

to address is whether the sa vings in reduced candidate c hec king is enough to

o�set these extra op erations on bitmaps.



4 Analytical Results

In this section w e ev aluate the three strategies discussed in Section 3 according

to the n um b er of candidates c hec k ed and the n um b er of pages accessed. All

ev aluations are carried out on a data set of 25 million records with 10 attributes.

All attributes are uniform random v alues in the range of [0, 1]. W e ha v e c hosen

25 million records since our real data used in the next section also comprises

of 25 million en tries. F or eac h dimension w e assume a bitmap index with 300

bins as in the p erformance tests in the next section. The page size is 8KB. Eac h

attribute v alue tak es 4 b ytes to store and all pages are pac k ed as in a t ypical

pro jection index [5]. In man y data w arehouse applications, the pro jection index

is observ ed to ha v e the b est p erformance in answ ering complex queries. W e use

it as a reference for measuring the p erformance of the v arious bitmap sc hemes.

T o simplify the ev aluation, w e set all v

i

to b e the same. F urthermore, w e assume

the query b oundaries are nev er exactly on the bin b oundaries, i.e., v 6= v 6= v .

Figure 6 sho ws the n um b er of candidates exp ected (according to Equations 1, 2

and 3) and Figure 7 sho ws the n um b er of page accesses exp ected.

0 0.2 0.4 0.6 0.8 1
0

2

4

6

8

10

12
x 10

5

a) 1d - Query boundary

N
um

be
r 

of
 c

an
di

da
te

s

0 0.2 0.4 0.6 0.8 1
0

2

4

6

8

10

12
x 10

5

b) 2d - Query boundary

N
um

be
r 

of
 c

an
di

da
te

s

0 0.2 0.4 0.6 0.8 1
0

2

4

6

8

10

12
x 10

5

b) 5d - Query boundary

N
um

be
r 

of
 c

an
di

da
te

s

0 0.2 0.4 0.6 0.8 1
0

2

4

6

8

10

12
x 10

5

b) 10d - Query boundary

N
um

be
r 

of
 c

an
di

da
te

s

Strategy 1
Strategy 2
Strategy 3

Fig. 6. T otal n um b er of candidates for m ulti-dimensional queries.

F or one-dimensional queries there is no p erformance di�erence among the

strategies (see Figure 6a)). In all cases, the candidate selectivit y is 0.3% (=

1 = 300) whic h corresp onds to all en tries of one candidate bitmap. Note that since

eac h page con tains 2048 records, selecting one out of ev ery 300 records means

all pages are accessed.

When more than one attribute is in v olv ed, there is a signi�can t di�erence

among the strategies. W e observ e that Strategy 1 p erforms b etter than Strategy
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Fig. 7. P age I/O for m ulti-dimensional queries.

2 for queries with b oundaries b elo w 0.5. F or query with b oundaries ab o v e 0.5,

Strategy 2 p erforms b etter than Strategy 1. Ho w ev er, in all cases Strategy 3

sho ws the b est p erformance c haracteristics.

5 Bitmap Index P erformance

Querying Syn thetic Data: W e �rst v erify the p erformance mo del on uniform

random attributes. As in the previous section, w e generated a bitmap index for

25 million records and 10 attributes. The index consists of 300 range-enco ded

bins. The whole bitmap index is compressed with the W AH sc heme [8]. The size

of the base data is 1 GB. The size of the bitmap indices is ab out 10 times larger

b ecause range-enco ded bitmap indices are hard to compress. The exp erimen ts

are carried out on a 2.8 GHz In tel P en tium IV with 1 GB RAM. The I/O

subsystem is a hardw are RAID with t w o SCSI disks.

T o v erify the p erformance mo del, w e ran the same b enc hmarks as rep orted

in Section 4. The results for m ulti-dimensional queries with query b oundaries in

the range of [0, 1] are sho wn in Figure 8. W e can see that in all cases strategy

3 results in the lo w est n um b er of candidates to b e c hec k ed. The n um b er of

candidates c hec k ed is exactly as exp ected.

Figure 9 sho ws the query resp onse time. As w e exp ected from our analytical

results, strategy 3 p erforms b est in most cases and has a p erformance gain of

up to a factor of t w o. W e also see that apart from one case, the bitmap index

p erforms alw a ys b etter than the pro jection index.

Querying Scien ti�c Data: W e also tested our new bitmap ev aluation strate-

gies on a set of real data from com bustion studies. The data w as computed from

a direct n umerical sim ulation of h ydrogen-o xygen autoignition pro cesses. Our

timing measuremen ts use randomly generated conditions on 10 c hemical sp ecies

in v olving h ydrogen and o xygen [9]. F or eac h attribute w e built a range-enco ded

bitmap index with 300 bins. In this case, the total index size is only 40% larger

than the base data b ecause the distribution of the real data is not uniform.

The query p erformance results are presen ted in Figure 10. W e observ e that all
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Fig. 8. T otal n um b er of candidates for m ulti-dimensional queries against uniformly

distributed random data.
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Fig. 9. Resp onse times for m ulti-dimensional queries against uniformly distributed

random data.

bitmap sc hemes w ork signi�can tly b etter than the pro jection index. The rela-

tiv e di�erences among the three bitmap based ev aluation strategies are small

b ecause few er candidates are scanned than on the uniform random data. In gen-

eral, Strategy 1 uses more time than others, and Strategies 2 and 3 use ab out

the same amoun t of time. The a v erage query resp onse time using compressed

bitmap indices is less than one second in all tests. F or 5-dimensional queries

the compressed bitmap indices are, on a v erage, ab out 13 times faster than the

pro jection index.

6 Conclusions

W e in tro duced a no v el bitmap ev aluation strategy for bitmap indices with bins.

It minimizes the n um b er of records scanned during the candidate c hec king, but
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Fig. 10. Resp onse times for m ulti-dimensional queries against real data.

requires more op erations on bitmaps. W e pro vided detailed analyses and exp eri-

men tal measuremen ts to v erify that the new sc heme is indeed e�cien t. In man y

cases the new strategy scans m uc h few er records than previous strategies, and

in some cases, it can impro v e the query resp onse time b y a factor of t w o. All

strategies are sho wn to outp erform the pro jection index in the ma jorit y of the

cases.

Since the new bitmap index ev aluation strategy uses more bitmap op erations,

it o ccasionally uses more time than others. In the future, w e plan to dev elop a

w a y to optimally com bine the three strategies.
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