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Assessing th&/ariation of Visual Complexity
in Multi-ScaleMaps with Qutter Measures

Marion Dumont, Guillaume TouyaCécile Duchére

1. Motivations

Mapping applicationswhere a multiscale navigation is availablisplay multiscale maps, i.ea set
of maps at different scake Across scales, the map levéisg. 1) can present large differences in
terms ofrepresentation due to cartographic generalisatiom our research projecty], we assume
that adding intermediate representatiortsetween existing map levetould be one way teeduce
thesedifferences and to enablemooth transitions while zooming.

Inspired by the literature @&b), we believethat smooth zooming requiresegular and small
variatiors of map complexity across scalem this paper, we present our experimenéssessing
clutter variation in existing multiscale mapsThis study seeks to identify if clutter variations may
predict the peceivedvariation ofvisual complexity in mukscale maps.

After presenting some research works connected to our experimé#s the following sections
address ourresearch issues amstudy pracedure(83), then results analysi¢84). Lastly, we discuss
the relevance of clutter measures for opirojectand presents our future wor{gb).

2. RelatedWork

a. Map Complexity

Many researchers studiedné complexity of maps, using a different focus and thus different
conceptsHowever, nost proposed definitions4] 8; 9; 16] highlight the dstinctionbetween

the visual (or graphica) complexity evolving withthe distribution and symbolizatiof map
elements

the semiologicatomplexity related to the understanding afie semantic meaning ahap signs,
and the intellectual (or cognitive complexity, which cover the understandingof spatial
structures andmplicit messageof the map.

The initial assumption of studyingap complexitywas that it could have an adverse effect on map
effectivenesq9], and should hius be controlledin this paper, we focus ovisual complexityas it is
the aspect of complexity over which cartographers have the greater co8irol [

b. EstimatingCognitive Loadvith Visual ComplexityAssessment

As highlighed in [7], assessing the visual complexity aigplay(not specifically a mgpmay serve to
estimate the cognitive loadequired for its understandingandinversely,estimateits effectiveness
To confirm this hypothesis some works evaluate the correlation betweercomputed visual
complexity andperformance evaluation of aser taskn imageq1; 11 pp. 1720] andin maps[6; 14].

These assessed tasks may be the time of searcip#mific objecs in a mapfor instance In most
studies,user performanceget worsewith the increase owisual complexity.

In our case, & needto limit and thus assess the visualngplexity of each multscale map level.
Moreover, we believe thatarge variations of visual complexity between map levels may imply an
additional cognitive effort. In this paper, weéll specifically focus on thesariatiors.

c. AssessingisualComplexitywith Visual Clutter Measures

Visual Clutter Definition Some studies®;, 10] highlight tre main responsiblefactors for visual
complexity
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amount of informationdetermined bythe amount of visuafeatures and their shape complexity
but also thevariation in colour and luminance

informationorganization assessed as the spatdiktributionand organizationdisorganization of
features in the display

and information discriminability measured asthe graphical specifications;ompared tothe
limitations of human visual system.

As defined in 14], visual clutter corresponds to a threshold above which the increase of visual
complexity leads to a degradation of user penm@nce at some taslDifferentmethodsproposed in

the literature measure most or all of the features listed above, and may thus be a way of assessing
visual complexity.

Clutter Measures Literature related tovisualclutter mostly focuses on images and thal proposs
imagebasedmethods for assessing visual cluttd; 7; 10; 11 pp. 617; 13; 14]. Some of these
studiesfocuson maps|[4; 8; 14; 15]. Besides, dw researchergproposevectorbased methodon
maps[4; 6; 9]. In this paper, we will focus on ima¢pasedmethods as our multiscale maps samples
are available in raster format. However, we acknowledge the potential of vbeteedmethods, and
will use them in future work.
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However, it must be reminded that these methods measure visual complexity, and highlight a visual
clutter onlyabove a certain threshold, which depends on a specific task.

Measures Validation. Some studies have showmé correlation between cluttermeasuresand
perceived visual complexitypy measuring theperformanceof a user task82.b) orby subjective
evaluatons B; 7; 9; 10; 11 pp. 2024; 13], which ask participants to rate or rank somenages
according to their complexity.

In this study, we will use different clutter measures to assess the visual complexity of each multi
scale map leveland check if the computed clutter variations are consistent with the perceived
variation of visual amplexity across scales.

d. Clutter Measures across Scales

In a previous workl1[5], we useddifferent clutter measuren official topographic map series across
three or four scalesWe specificallyhighlightedtheir potential and their limitationsfor cartographic
generalization purpose

In this paper, we wilgo further in the scales comparisoogmputing these clutter measures on
multi-scale maps from several cartographic producers. We will assess all the available map levels,
and not only the different topographic mapsndeed, some producensse a same magat two or

more consecutive zoom level8], potentially with differentvisualcomplexity as the display scale
changes.

3. Assessing th&/ariation of Visual Complexity with Qutter Measures

a. ResearcHssues

In this study, weassume that variation of perceived visual complexity in a rschile map may be
predicted with computed clutter measures. We will thus check if we percéigecomputed clutter
variations n existing multiscale maps.

Then, studying the irregularities and large variations, we will try émtifly their potential factors, to
avoid them when modellingour generalization processn particular,as the literature on visual
complexity §2.¢) highlights the importance of colour variability, we will focus on {redette

influence.

Onthecontraryg S @At f | faz2 GNB (2 KSdNARAGAOItte Sadloof
examples of scale transitisn
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b. Study Praedure

Dataollection. We selected sixteen mufdcale maps, provided by national mapping agen(st
Luxembourg, BEXustria, GDGermany, O%eland, ICGGCatalonia,IGNSpain, IGMNFrance(Scan
Express and Scan I MantmaterietSweden,NGHBelgium,NLSFinland, Swisstopo, USGS§8jivate
companies (GoogleMaps, BingMap9)r collaborative communities (OpenStreetMap) We took
screenshots of these map@-ig. 1) at every availablescale always keeping the same screen
characteristics (size, resolutiprAll the screenshots of a same midtiale map are also centred on
the same point.

Fig. 1. Different map levels of the Scaixpress multscalemap from IGN France

In this study, we chose t@€us on urban areas, as their visual complexity and need for generalization
is generally higher than rural areas.

Concerning the colouvariability, we studied theScan Expressulti-scale map provided by IGN
Francewith three different palettes (Fig.2):

the classigalette usesthe colour space of thErench 1: 2®00 topographic maps,
the standardpalette uses paler hues to serve as background map for instance,
andthe lastpalette uses a grayscaleepresentation.
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Fig.2. Extract of the Sca&xpress multscale map for availablgalettes: classi¢ standardand grayscale
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Clutter Measures In thisstudy, we usedpreviously implementedlutter measureg15]. We already
tested them on maps and found their results consistent with our cartographer perception of visual
complexity In the following paragraphsheir individual way of working is briefly described

Thequad tree cluttef8] converts the assessed imag@ grayscaleand computes a quad tree oit,
based on the homogeneity of pixel valudisthe difference of pixel values in a cell is bigger than a
threshold, the cell is cut in four new cellBhe clutte is the resulting number of cells,hen all of
them are considered homogeneaushis method is particularly applicaliiere, becausedeveloped

for maps although in grayscaléts results are considered consistent by cartographic exp8jts [
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The subband entropymethod is similar to JPEG compressioAfter decomposing the image into
wavelets for each CIELab channel, the clutter value is computed as a weighted sum of subbands
entropies. Thisclutter measure has been adapted frotwo existing works §; 14]. This last work
validatedthis methodon mapswith a performance evaluation of user tasks

Thesegmentatiorbasedmethod [1] computes an efficient segmentationalgorithm B] on the image.
Theclutter value is given by the number mfentified objects This methochas been validatedn
imageswith a performance evaluation of user task$s results are consistent with the subband
entropy method 4], and thus relevant on maps.

Clutter Variation For eachcapturedscreenshot, we computed theghree clutter measures. As we
are interested in the variatiof visual complexityover scales, we studied theariation curve of
computed clutter values(Fig.3, Y axis) in a multicale mapdepending on thezoom level 3, 12] of
the screenshotKig.3, X axis)For instance,dr the Scan Express muditale map, zoom levels are
available fromb at 1: 6000000scale, to 18 al: 1500scale.

03

clutter Quad Tree . Subband Entropy . Segmentation-Based

5 1‘9 1‘5 5 1‘0 1‘5 5 1‘0 15

zoom levels

Fig.3. Clutter variationassessed with the three clutter measurdey the ScarExpressnulti-scale map(classc palette).
Vertical dashed lines indicate a change of map contémtcording §2.h)

Comparing clutter valuegFig. 3) between different measures is obviously impossible, as they
measure different thingdiVe thus observedhe shags of the curves, asends in clutter variation.

4. ResultsAnalysis

a. Clutter MeasuresComparison

Most studied multiscale maps present similafutter variationsbetween different methods as for
Scan Expreg§ig.4).

— Quad Tree
— Segmentation-based
— Subband Entropy

Zoom levels : : : : . .
5 6 7 8 9 10 11 12 13 14 15 16 17 18

Fig.4. Comparison of curve shape between different clutter measures for Scan Express (pkdssie), by vertical

alignment of curves from Figurd

Given that clutter values may vaaybit depending on the measure parameters, we consither few
differences of variation that have been foubgtween methodsas negligibleWe also believe that
smallclutter variationsin a multiscale mapmay be not perceptible and thus negligible. However,
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even with a user experiencdefining a significace thresholdmay be very hard and will depend on a
specific user tasklfo circumvent this difficulty, we will use simultaneously the three methods, which
measue different features of visual complexignd may thus identify different problems.

b. Colour Sensivity

To assess their colour sensitivity, we comglitbe clutter measuresn the three available Scan
Exprespalettes(Fig.2). The three methods giveery similar curves betweetifferent versions Few
differences appear on thcurves of segmentatiofbased methodFig.5), mainly due to the method

parameter, which influences the minimum size of segmented objects.
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Fig.5. Clutter variation assessefr the different palettes of Scan Express with the segmentatitwased method

For most map levels, the computed clutterhigherfor the classigalette than for the two others.
Vibrant colours seem thus assessed as more complex than paler Besiles, gyscale maps are
generaly consideredess complex thathe standardpalette. It is consistent with the specifications of
this palette, voluntary simple to serve as background map

We conclude here that these clutter measures are not very sensitive tpdlette, when a legible
colours organization is used. Although these results are consistent with our visual perception, it may
be useful to measure more precisely thalette complexityin multi-scale maps. Different methods,
such as proposed i), may be used to deeper assess the colour variability of maps.

c. Perception of Computed Clutter Variations

In most casespur perception of how visual complexity varigs the studied multiscale mapss
consistent withthe computedclutter variations In the ScanExpress muliscale map for instance, the
following successive map levelsd.6) give us a feeling of varying visual complexity, asatheunt
and size of map elements (linear, place namsgmbols) successively decreaseldncrease The

Fig.6. Successive levels of the Scan Expreghi-scale map

1 clutter Standard

g

7 zoom|levels
8 g 10 11 12

Fig.7. Extact of the cluttervariation curve for the previous Scdaxpress map level$ig.6) with the subband entropy
method. The other clutter methods give a similar curve shape.
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d. Need for Intermediate Representations

In the previous exampld={g.6), clutter variations seendue to a laclof intermediate representation

To provide a map level at each zoom legtefined by 2], producers sometimes usenanlarged
map, defined for another scal¢3]. If such a map is displayed at too small or too large scales,
readability issues may appeatle thus assume that adding intermediate representatiozensistent

in terms of content, abstraction and representationay improve the existingulti-scale map$2].

The followingfigure (Fig.8) comparesScan Express and Scan & multi-scale mapgrovided by
the French IGN. These sets of maps are gendya#igdon similar dataas show in the two couples
of mapsat levels 12 and 14Fig.8). However,n Scan Expresgan intermediate representation has
been addedat level 13 whereasn Scan IGNthis level shows aenlargedversion of the mased at
level 12

Fig.8. Consecutive levelsf Scan Expresand Scan IGN mutscale maps (IGN France)

The clutter variations between these respective levels (in Fd,9) seem less important for Scan
Express. It wold confirm our main hypothesis that intermediate representaianay smooth the
variation of visual complexity and thus enable smooth zooming.

Fig.9. Clutter variation in Scan Expretstandardpalette) and Scan IGNwith the subband entropy method
Red points correspond to the maps shown in g8
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