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Statistical Analysis .o! Bap Differences

Alan Saalfeld, Buresu of the Cemnsus

ARSTRACY

Digital map data lends ftself to computerised
statistical analyesis puch like asny ether
computer-readadle data file. Comparative dats
analysis §s possidle when two files are present
and linkages can be established betwesn some of
the feature records of the two files. Nodern
digital map files contain various measurss eof
spatial relatfons, Including adjecency relations,
setwork patterns, and aeasures of position end
distance. This paper examnines those measures

|

and their {nteractions and propcses sose.

statistical tools for automating feature matching
_ procedures.

Conflation s the consoclidation or merging of
two map representations of the same region into
8 third composite conflated map. Recently the
Buresu of the Census has begun consoclidating or
conflating pairs of digital map files of the same
region in order to measure and faprove the
quality of the Buresu’s digital maps. A second
oot of digital maps for the entire country s
being provided by the United States 6Geclogical
Survey for the Bureau of the Census to use with
its own nxng files for comparative wupdating of
both sets of maps.

In the past, measures of similarity end
differences of maps, primarily of paper saps,
were not quantitative or even fully quentifisble;
and this liaitetion made the compsrative analysis
of maps quite subjective and non-numerical.
Often differences and discrepancies wers merely
enunerated or listed;: and there was no resdily
understood meassure of sap siailarity or
samsness. The digital map file, on the ether
hand, $s considerably more emenadle to numerical
analysis, and its format invites cosputerization
of that analysis.

Mow it 1 not only feasidle and inforastive to
quantify and analyze map eimilarities and
differences; $t {s alsc wseful to find and wse
concrete numerical seasures of eiamilarity to
ostadblish etatistical evidence that two maps, or
partes of the two saps, are the same.

This paper presents some fnitisl attespts at
quantifying sap eimilarities and ¢ifferences.
The paper outlines espproaches to snalysis of
those differences end similarities; it does not
contain extensive empirical - justificetion for
those approaches. This last shortcoming s due
prisarily to the limitations of availadle data.
Although the Bursasu of the Census will
eventually have to process a large number of
sap pairs (over $,500 7.5 ainute quadrangles),
only three digital data pairs were made
accessible to the ressarch uniti and all thres of
those digital map pairs required consideradle
editing before they could be compared. Prodlems
such as duplicate dats records and special dats
foraats had to be addressed bdefore msp feature
comparisons ¢could bdegin. Effective data
classification methods are etill evolving es &
result of initial comparison attespts.

A BEURISTIC APPROACH TO AUTOMATED
REATVRE BATCHING

A cartographer, in erder to compile two maps
of the sanme rvegion and preduce a third amew
Bap, user aumerous visual clues and cues to
satch features of one mep to features of the
other: and, convinced of a match, he extracts a
single feature from the two maps. After o
cartographer has matched festures en the two
saps, & statistical analysis of the aumerical
properties of the mstched and unmstched
features say be porforsed. The resulting
analysis ylelds information en the numerical
charscteristics of the cartographer’s matching
operation or mstching algorithe. The resulting
analysis, $n turn, may bs wsed to drive an
sutomatic statistical matching procedure, which
csn then replicate the cartographer’s results
and, thus, more fully asutomate the map
conflation process.

Because of the meed for wnifors processing
and also because of the large number of wmap
files to be processed, the final production
systes for computerized matching and merging of
two map files should be as fully automated as
possible. Nevertheless, in order to assess
various rules for satching, & seami-automatic
systes has bdeon (implemented. 4 computer
operator uses the semi-sutomstic system to
sinmulate the decision-making of a cartographer
who has been asked to match as many features
of the two maps as possible. A ecomputer
operator uwses & celor graphics workstation to
select and view satches of street {intersections
and matches of street segments on the pair of
saps.

The systen is semi-gutomstic in that it has
been prograsmed to test matching criteria and to
prompt the operater. Thus the operator neasds
only to werify or affirs proposed matches. The
possible matches are proposed by the machine
bdased on various pre-progranmed criteris
selected by the operator. Those criteria involve
positional aend relational characteristics of the
sap feastures Ddeing matched. Color escreen
displays have facilitated decision-making
procedures; and Sntersctive rubder-shesting
algorithas have realigned the saps, theredy
pormnitting very effective {smediate visual
verification of smatching decisions. The sost
valuadle slement of the color graphics/alignment
spproach has been the ease and accuracy of
assessing whether eor not s match was made
correctly. An {teratfive matching/alignment
procedure bdrings satchable pairs closer and
eloser together and moves pairs which do not
match farther and farther apart. Our {nitial
snalysis shows that these relative distances are
significantly different and uwseful in determining
Batches.

This study of map eimilarities and differences
focuses on estreet {intersections and their
configuration and position. In order to reduce
the data storage and computstional requirements,



the intersection patterns were classified by
type, the types were essigned numerical code
values, and the distributions of varfous types of
intersections in ths plane were examined. The
coding of types asttempted to reflect similarities
of types through similar code wvalues; howsver,
the coding schess requires additional review,
especially with respect to nearness of one type
to another. As one would expect, the
intersections are mot clustered In space, but are
gonerally fairly evenly distributed in the plene.
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Figure 1A. USGS Map of Part
of Fort Myers, Florida
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Pigure 2A. Overlay of Two
Baps of Fort Myers, Florida

The average distance from any intersection to
fts nearest meighbor gntersection on the same
sap is large compared to the average amount of
distortion bstween maps: and this fact makes an
fterative alignsent approach very effective.

The following figures show that a good initial
alignment can bdring nesrly all satchadle pairs
into proximity in such a way that the proximity
relation almost becomes a necessary (but mot
sufficient) condition for metchadility.

FPigure 1B. Street Intersection
Configuration for Same Hap
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Figure 2B. Matched and Aligned
Baps of the Same Area



for ene particular test map eof Fort Nyers, FL,
the efficacy of an alignaent approach to
satching can de {llustrated fn the follewing
sussary statistical disgrams. In genersl, two
types of false classifications may eccur. 4 map
feature may be labelled {ncorrectly as having a
satch when $ndeesd it does mot (false positive);
or & festure may be Judged incorrectly met to
satch any feature when §t has & true matech
(falee wegative). BDecause an fterative matching
procedure fdentifies mew matches at each stage,
end, in general, does mot flag non-satches a9
such wntil the final stage, false negatives say
de corrected at an {intersediste etage. False
positive errors ere less desiradle and less
managable than false negatives because st ®mo
point 4n the {fteration procedure is there an
sutomatic wun-satch cepadility for ecorrecting
falee positives.

’ The distance between potential matches after
fnitial alignment {is an excellent tool feor
controlling doth types eof errors. Distance may
be used for predicting both types of error and
reducing one or the other: in the PFort fiyers
map, for example, if the threshold for matching
i0 oot at 20 meters, (that §s, mno matches are
sccepted unless the candidate pair sre within 20
meters), then the measured probabdility of making
a false negative error 1s 118, and the
prodability of a false positive fs I8. [ }
decreasing the threshold, false positives may be
reduced furgher; Dhowever the increase in false
negatives will require additional f{terations of
the file processing: and the threshold may even
need to be relaxed fn the final fterations In
order to detect all matches.

The cumulative relative histograms below
sussarize the distance from & setchadble point to
its match and the distance from & matchadle
point to the nsarest non-sstch on the other map.

Figure 3A. Fraction of Matchable Pointe whose
Batching Point s Vithin the Indicated Distance
of the Point

Table 1 shows the summary statistics for the
distances betwesen nearest neighbors and for the
distances bdetween corresponding points en the
two Fort Hyers maps.

Frequency Distribution of Distances

Nusber of Pointe
within Distance of
Nearest Non-
satching Peint

Distance Nuasber within
Range Distance of
(in ssters) Matching Point

Ote$ 162 -

5t 10 359 -

10 to 15 an 4

15 to 20 132 [ ]

20 to 25 70 14

a5 to 30 19 25

30 to 40 13 $4

40 to 50 3 ']

$0 to 60 2 227

60 to 70 - 302

70 to 80 1 134

80 to 100 - 86

3100 to 200 1 82

200 to 400 - [ ]

400 and above - -

Hean distance Range $td Dev.

To Hatching Point 11.45 112.25 7.75
To Nearest Nonaastch 66.68 278.089 28.55

Table 1. Comparison of Distances to Matches
and Nonmatches (After Initial Alignment)

The distance measures above show that
nearest neighbor pairs are excellent candidates
for matching §f other match ecriteria tests are
also met.

Pigure 38. Fraction of Hatchable Points whose
Nearest Non-NMstching Point fs Within the
Indicated Distance of the Point



The remainder of the analysis in this paper
focuses on other tests which utilisze the following
integer measures of local configuration:

(1) The Index of & O-cell (intersection). The
aumber of estreets emsnating froa an intersection
is called the Index of the O—cell or intersection.
The index provides a good measure on which to
mateh fntersections 4f it {s wnique er Jocally
unique (e.g. the enly {ntersection {n the
neighborhood with seven streete cosing nto §t.)
(2) The Spider Function of a O-cell. The strest
pattern st a O-cell (that s, the emansting
1-cells) has infinitely many possibilities for
street directions. In eorder to sisplify the
possidilities, the nusber of directions was
reduced to 16 and Jater 8 sectors. The efight
sectors finally decided wpon correspond to 45°
pie slices in the principal directions of morth,
" mortheast, easst, southeast, south, southwest,
west, and northwest. The street pattern {is
sssumed to have at most one strest In each of
the eight eectors (more than one street in eny
sector will not be reflected in the epider
function representation, but will reduce the
chances for saking a match. Nowever, it will mot
lead to false matches). The eight esectors in
counter-clockwise order are assigned conesecutive
bit positions (from right to left) in en 68-bit
binary number, and the bdit for a given sector s
turned on if and only if there is & street in
that esector, The resulting nusber has been
descriptively named the spider function of the
O-cell. With this function, an integer betwsen 0
ond 28-]1 descridbes the intersection pattern eof
the O-cell. The binary number 01010101 (which
is the decimal 85) represents the typical 4-street
north-south-east-west {intersection, for example.
Intersection patterns which differ by a powsr of
two are “"close” in one of two geometric senses:
sither one pattern is missing a single etreet,
but agrees everywhere eles; or elses one street is
shifted, off by a single sector. By comparing
the Index of & 0-cell as well as the spider
function, the Bureau of the Census bhas
developed several simple measures of nearness of
configuration.
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Tadle 2A. USCS Map Spider Punction Distridution

The representation eof the epider function
value as a bhexadecimal integer bhas additional
nice properties. It s a two-digit nusber: and
esch digit describes the strest directional
behavior in a four-sector band constituting a
seni-circular region. A digit $n the second
position describes the same configuration as the
same digit would In the firet position except for
& rotation of 180°.
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Figure 4. Hexadecimal and Secter Patterns
for Spider Function

A frequency distridbution of spider function
values for a sap say bs organized {n a
sixteen~by-sixteen tabdle whose columns
correspond to second (units) digit values and
whose rows correspond to first (or sixteens)
digit possidilities. In a highly urbanized srea,
for exasple, the frequency of the hexadecimal
nunber 55, representing the north-ssst-south-
west {ntersections, would be wvery large, and
could help distinguish between wurban and other
areas. Hore generally, the frequency tabdle
estadblishes & kind of signature for the street
network; and parts of the tadle, such as the
diagonal, have special mseaning. (The principal
diagonal of the tadble Includes those intersections
81l of whose streets continue straight through
the intersection.)

Two tadles (one for the USGS sap snd one for
the DIME map) showing the distribution of spider
function velues for all map intersections for the
25 square mile Fort #iyers area are given below.

@ o of o o o8 «f 7 B B d B £ B &K &
le 9 B2 - 80 380 o ~ 8 3 3 o = 8 =~ o
IJ'- e 0 4 -~ =31 } &~ =~ 8 -
>le 38 8 ¢ a3 * - 8 3 6 2 9 ~ =
=l 86 5 3 6 8 ~ > ®© ® o o & o o
|7 0 5 oM D 3 OB 8 3N - =
{3037 20 PPN IN¢ & M 8 3 & o = - -
/2 6 8 oWV P o8 =8 -1 - - =
e 8§ 8 8 o = 3 & = o o s o o = o
olzz 38 8 3 9 0 8 = 8 327 & @ & - =
i 20 00 =30 8 o =B 2 3 o o & o =
>»l8 8 0 « 0 3 o B P - Q& - ~ -
]¢ » 3 & o ® =& o & & & e o & = -
ol8 ¢« 8 o3 = = & § o o o J & & -
|9 o ¢ » § o o o o & o o & o o =
813 o o e 3 o e e @ o 3 = & o = =
t-] e o 06 o o 2 &6 o 6 & & & o & - -

Table 2B. Census Bap Spider Function Distribution



Tadles can orfent an initial exploratory dats
analysis of 4$ntersection patterns of the ares.
One may slso display, for example, in the plane,
all of those {intersection points bhaving s
particulsr spider walue (or a range of related
spider values) and then proceed to apply pattern
recognition techniques to the pattera.

Since the patterns themselves are 1linked to
spatial position, the tables shown above could
further be decomposed according to sudbareas er
subregions. Although the total number of
entries would decreass, the fewer entries would
then reflect mors accurstely the neighborhood eor
Jocal characteristics of the street network.

The figures shown below fllustrate the spatial

distridution of epider function wvalues. In the
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Pigure SA. All Spider Punction Values in s
- Region of USGS Map

Figure 6A. USGS Intersections with value 15

first set of figures the entire range of walues
are plotted in their intersection locations. 1In
the other sets only those intersections with
particular function values ars plotted.

Although condensing the metwork f$nforsation
st an intersection to a single mumber $nevitably

.causes esoms loss of information, the resulting

patterns lend themselves to many standard
pattern recognition and snalysis technigques. A
auaber of references are listed in the
dibliography for such epastial analysis
techniques. The pattern differences need to be
viewsd not eonly in terms of statistical error
msasurements, but also in terss of goometric
relations of similarity shared by subsets of the
spider function values (see examples in reference
by Rosen and Saalfeld).
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Figure SB. Spidsr Function Valuss
in Sane Region of DIME Map

Pigure 6B. Census Intersections with Velue )15
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Figure 7A. USCS Intersections with Hexadecimsl
Values 15, 51, 45, and 54 (T’s)

An enalysis of distances betwesn matching
and nonmatching map features {ndicates that
fisarness measures can and should play & key
role {n eutomated map matching routines. A
further link between computer cartography and
spatial statistical analysis s provided by an
fnteger-valvued function defined on Bmap
{ntersection points. Preliminary exploratory
work to study properties of this function bhas
begun with limited deta rescurcesi: and the
approach used $n thet work Ras been outlined
here. The next stage fin the research will
dinvolve the application of pattern recognition
techniques to attempt fully automated map
satching.
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