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ABSTRACT

Shape features play a major role in the perception of dedighgects. In this paper, we study
the relationships between linguistic and numerical shagseriptions, focusing on real images
of perfume bottles. The subjective linguistic evaluatidrine bottles is obtained through expert
annotations using emotional words as labels; the objectinaerical description relies on auto-
matically extracted attributes such as elongation or Grity. Statistics and machine learning
tools are exploited in order to learn a matching betweeneskascriptors and subjective labels.
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1. INTRODUCTION

Whereas computer design tools are well spread out into ttesleld end phases of design with
CAD-CAM systems, they are more difficult to develop for theleghases of design where the
information is vague, ill-defined and highly linked to affige processes [1]. In these phases which
are a key process in the generative phases of design, desageaised to categorizing information
mentally, through a specific way obeying particular cogritand affective processes [2] and they
develop skills that enable them to link shape features vathamntic descriptors and emotions. We
already explored how to establish automatically some desifps between emotions and design
features described by lexical data [3]. Shape featuresfayeeat importance because they are the
first features expressed by the designers and highly steutthe conceptualization. In this study,
we explore some machine learning technigues to automigtidesicover relations established by
designers when categorizing shape related informatiosedan product photos. These relations
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could be used for future computer aided design tools suchfasration or generation systems.

From the machine learning point of view, many works have b@d®reloped to automatically
associate emotions with images, based on their visual egpea (see e.g. [4, 5, 6]). While the
chromatic properties of the images are widely exploitedpsghinformation is not so often taken
into account. This is due to the difficulty of, first, defininglevant descriptors to encode shape,
and, second, of automatically extracting them from imagrethis paper we present a study based
on real images of perfume bottles evaluated both subjégtyeexpert annotation using emotional
words as labels, and objectively through automaticallyasted shape descriptors such as area,
perimeter, elongation and circularity. We then use siatistools and machine learning algorithms
to study and match these two description spaces.

The paper is organised as follows: the first part describesdtta acquisition, detailing the
subjective labels selection, the annotation protocol, eltas the numerical shape descriptors. We
then discuss the obtained results first focusing on the séeramotation (Section 3), then on the
numerical description (Section 4), and lastly combininghtaescriptions in Section 5.

2. DATA ACQUISITION

2.1. Images choice

In order to study the relationships between shapes and ensotive consider women perfume
bottles. Indeed these products constitute a rich and esipeedomain, covering a very large range
of different shapes. Figure 3 and last column of Table 3tilis this high variety, through some
examples of bottle silhouettes, extracted using the medlesdribed in Section 2.3.

The images are retrieved from retailers websites: theyigeo& uniform presentation, all bottles
having the same size and being shown on a white uniform baokgr On the one hand this
guarantees that the annotators will not be distracted byehs other than the bottles, as would
be the case if advertisements were used; on the other hamadkis the extraction of numerical
shape descriptors easier. Images where several bottlsb@ana together or where logos partially
cover the bottles are then filtered out. As a result, an image lof 198 bottles is obtained and
submitted to two parallel processes: manual annotationxpgre designers in order to obtain a
linguistic semantic description, as described in Sectidh) and extraction of numerical shape
descriptors, as described in Section 2.3.

2.2. Linguistic semantic annotation

In this section we describe the protocol of the semantic &tiom process, presenting the con-
sidered linguistic descriptors and the actual annotatiep.s

2.2.1. Semantic and emotional linguistic descriptors

A list of 40 descriptors has been established after refinmiiial list of 300 adjectives, gath-
ered both from the perfume retailers’ websites and fromgiess’ verbalisations commenting
perfume bottles. This initial list was gradually filteredtaccording to the following criteria:



first, the number of occurrences in the text and the overfappietween both sources (retailers’
websites and designers’ verbalizations), were used. Woasingular in relation to the bottle
sample (ascottish were removed, as well as non discriminant words cited tonyntianes (nspi-
rational, e.g.). Furthermore, synonym detection was used: a raduetas done according to the
redundancy in meaning (e.g.words suclatigctive arresting captivating exciting stimulating.
Words in relation with some dimensions that are difficult &ob visually were then removed (us-
ability related:effortless olfactory and taste featuregticy, spicy, or human centred and abstract:
indulgent or innocenj. Lastly negative descriptors were removed. The final fsi@terms in

French providing a certain semantic coverage is shown iteThkvith their translation.

Table 1: Final list of semantic and emotional descriptors

abstract (abstrait)
aggressive (agressif)
attractive (attrayant)
austere (austere)
balanced (équilibré)
charming (séduisant)
classic (classique)
dynamic (dynamique
elegant (élegant)
ethereal (aérien)

extravagant (extravagan
feminine (féminin)

fluid (fluide)

free (libre)

futuristic (futuriste)
geometric (géométrique
glamorous (glamour)
high-tech (high-tech)
luxurious (luxueux)

t)mysterious (mystérieux)

masculine (masculin)

natural (naturel)
original (original)
playful (ludique)

poetic (poétique)
powerful (puissant)
prime (de qualité)

pure (pur)

reassuring (sécurisant)

refreshing (rafraichissant

) young (jeune)

retro (rétro)
sensual (sensuel)
simple (simple)
soft (doux)
soothing (apaisant)
sophisticated (sophistiqué
sport (sport)
tangy (acidulé)
warm (chaud)

h

2.2.2. Manual annotation of the perfume bottle images

8 professional designers were recruited for the experirtreritiasted 45 to 90 minutes (average
64 min). This panel was composed of 4 professional produsigders and 4 design student (50%
males, 50% females). They were asked to annotate a set ofrffa@n@ebottles with the previous
list of 40 semantic and emotional descriptors taking intcoant only the bottle shape: they had
to fill up a table where each bottle was represented with a limaih also having at their disposal
bigger images of the samples. Each set of 50 bottles wasaedlby two designers independently.
Figure 1 illustrates the type of obtained results.

Designerls 1 2 3 4 5 3
[ i -
BDD 1 MAEL i
1 abstrait
2 acidulé X
3 aérien X X
4 agressif X
5 apaisant
& attrayant X
7 austére X X

Figure 1. Partial view of the manual annotation of perfume bottleges designer 8

2.3. Numerical shape description

In this section we describe the three-step process we peojmoautomatically extract of nu-
merical shape descriptors. The first step consists in kzimgrithe images to distinguish between
the bottles and the background, leaving aside colour inddion. To that aim a simple heuristic is
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used: pixels that have the same colour (RGB) as a backgrafacence pixel are considered as
background, all others are considered as object pixelsn,Tih@rder to reduce noise, object pixels
whose 55-neighbourhood does not contain at least 13 object pixelsabelled as background
pixels.

The second step consists in extracting the silhouette frendéetected object. We simply sub-
tract from the image the result of its own erosion obtainedgia 3x 3 plus-mask. Figure 3 and
last column of table 3 show some examples of obtained sittesiéor perfume bottles. It must be
underlined that due to the heuristic binarization step, ess@ontour detection errors occur, espe-
cially for such objects: because of light reflection and $gsrency, some parts of the bottle have
the same colour as the background and are not assigned tbjdet, as illustrated with the last
bottle on Figure 3. Yet the global result appears to be gdiperatisfying.

Lastly, 15 classic global shape descriptors are computachety width (denotedv), height
(h), perimeter §), area ), circularity (cr = p/2 - \/a -, i.e. the quotient between the shape
perimeter and the perimeter of the circle with same area) dwnpactness measureg (= p?/a
andcps = 1 - w/a), elongation ¢ = w/h) and the 7 invariant moments{ to ¢7) [7]. It must be
underlined that these attributes are not independent one dnother.

3. ANALYSIS OF THE EXPERTS’ SEMANTIC SHAPE ANNOTATIONS

3.1. Statistical observations

As a result of the annotation phase, he designers providethleof 2227 associations between
bottles and semantic adjectives, we first perform some sirsltistical observations from these
data. A low inter-annotator agreement is observed as 18@a@tations (82%) appear only once,
whereas only 399 (18%) appear twice, i.e. are noted by theamvmtators viewing the same
bottles. Due to these low values, in the following, we coesifibr each bottle the union of all
annotations, without taking into account their frequerBgsides the data highlight variations in
the annotation behaviours, from strict to generous onesntimber of annotations per annotator
varies from 97 to 540.

The number of semantic labels assigned to a perfume bastbevaries in a large range, from 3
to 24. It can be noted that the latter bottle thus possessestivam half of the available descriptors,
including intuitively contradictory ones, such fEsninineandmasculine On average, the bottles
are described by 11.3 terms, with a standard deviation of the@ most frequently used adjective
is feminine used for 113 bottles (57% of the bottle base); the least adggttive isplayful that
only applies to 26 bottles (13%). On average a semantic teumed for 55.6 bottles (28% of the
base), with a standard deviation of 19.0.

3.2. Study of co-occurrences

Because co-occurrences of semantic terms are globallytreag provide a good insight on the
adjectives. We study them by computing the confidence irsrafehe type ¥, = t,”, i.e. the
extent to whichi, is observed whety is. Confidence is classically defined as the quotient of the



Table 2 Co-occurrences with highest confidence

Rule c Rule c
glamorous = feminine 77| extravagant = feminine 63
sensual = feminine 76| dynamic = young 63
playful = young 73| charming = elegant 62
high-tech = futuristic 71| luxurious = elegant 62
poetic = feminine 69| pure = simple 61
prime = elegant 69| sophisticated = feminine 61
charming = feminine 69| tangy = young 61
luxurious = feminine 64| elegant = feminine 60
ethereal = feminine 64| soft = feminine 60

number of co-occurrences of andt, by the number of occurrences of. Thus this criterion is
normalised with respect tq frequency, although that @f still plays a role.

Table 2 shows the rules with confidence higher than 60%. Martlyeon conclude to théem-
inine adjective, which is due to its high occurrence frequencyll tBe premises contain not so
frequent adjectives and provide significant associatitimsrules with highest confidence e.g. de-
rive femininefrom the adjectiveglamorousandsensual Such associations can be interpreted at
a semantic level, related to the meaning of these linguistitis, as aréigh-tech=- futuristic or
dynamic=- young the designers annotations performed on perfume bottld® ritigossible to
retrieve some common linguistic knowledge. Other assiotiatare more related to shape and de-
sign information, such as the rulpare=- simpleandtangy=- youngand may be more interesting
in our framework.

Symmetrically, semantic terms that rarely or never co-o@tso provide a good insight on the
meaning of the adjectives, at the same two levels: among tieen® pairs that never co-occur,
some are linguistically antinomic pairs, such agdressivesoothing, (aggressivesoff), others
are less directly derived from the adjective meaning, andemelated to desigrsénsual sporf),
(etherea) powerfu), (warm, pure), (high-tech sensug), (attractive auster@. On the contrary, it
also appears that some expected antonyms are not recovbesdpposition betweemasculine
andfemininefor instance co-occurs for 7 bottles, underlining the faet seemingly contradictory
properties can be perceived from a given perfume bottle taltige annotator subjectivity and the
rich expressive power of the perfume bottle shapes.

4. ANALYSIS OF THE NUMERICAL SHAPE DESCRIPTION

We then explore the properties of the bottle distributiorthe numerical space, performing a
clustering analysis to highlight the existence of compact distinct groups of similar bottles.

4.1. Applied method

To compare perfume bottles in the numerical space, we usEdbkdean distance computed
in the 15 dimensional space defined in Section 2.3. In ordawtid one attribute taking very
large values to dominate the distance computation, we finshalise the data tf®, 1], so that alll
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Figure 2: Mainstream cluster prototypes represented in the paclrdinates view.

attributes vary on the same range.

Regarding the clustering method, we apply the Outlier Pvirsg Clustering Algorithm, OPCA
[8] that identifies both major trends and outliers, definedeateral granularity levels. Its use is
justified by the structure of the data set that indeed costa@th exceptional, atypical bottles and
several subgroups corresponding to different bottle typsslescribed below.

Lastly, to characterise the obtained cluster and interfiretresults, it is hecessary to define
some numerical summary of each cluster. To that aim, we lilster prototypes [9] that take
into account both the common points of the cluster membexbtizeir discriminative features as
opposed to the other clusters: for each point, a typicalityrdel” is computed as the aggregation
of its internal resemblance, i.e. its average resemblance to the other cluster memaedsits
external dissimilarityD, i.e. its average dissimilarity to the members of the otlhasters. In this
paper, we consider a weighted mean as aggregation opetatoputing?” = 0.75R + 0.25D.
The cluster can then be represented by its member that meedrthe typicality degree.

4.2. Obtained results

Applying OPCA to the bottle data set leads to the identifatwf 25 clusters, 17 of which
correspond to outliers, i.e. groups containing only 1 or glbes, and 8 non-exceptional or main-
stream clusters. Figure 2 represents the mainstream idusyetheir prototypes in the parallel
coordinates view, i.e. as a line joining the values it takegstie 15 normalised attributes (values
in [0,1]). The width of the line indicates the cluster sizee tvider the line, the more bottles in the
corresponding cluster. The last column of Table 3 gives thewettes of the mainstream cluster
prototype bottles, Figure 3 represents some examples léisi.e. exceptional bottles.

It can be observed that the mainstream clusters are maifigratitiated according to elonga-
tion e, which, due to the attribute dependence, goes along witthwicl areaa and the first two
invariant momentsp; (that sums the variances of the pixel distribution in thetigal and hori-
zontal directions) ang- (that quantifies the covariance of the pixel distributionthia vertical and
horizontal directions). Globally, the clustering basedatimimensions leads to a discretization of
the elongation values, distinguishing bottle types in teofitheir thinness, from very thin bottles
to more massive ones: cluster 1 is clearly characterisdulitgitzery high elongation, as well as its
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Figure 3: Silhouettes of some exceptional bottles: (1) maximalo ¢7 , (2) maximal elongation,
(3) maximal area, (4) maximal perimeter, (5) maximal widi), incorrect maximal circularity,
due to incorrect contour extraction, because of the batilesparency.

very low width and its high values fas; andy,. It corresponds to the thinnest perfume bottles, as
illustrated by its prototype (see last column of Table 3)e Hext clusters then show a graduated
decrease in elongation, observed both from Figure 2 andeTabIThe correlation with the area
attribute leads to the visual impression of increasing gl@zcupancy of the bottle on the image.

Beside this main characterization in terms of elongatigec#ic behaviours can be observed,
in particular that of cluster 7 whose heighttakes very low values that are clearly distinct from
all other clusters. In particular it makes the differencélwgluster 8 that has similar values of
elongation: cluster 8 contains bottles with small elormativith maximal area and occupancy
rate, whereas cluster 7 groups smaller bottles whose lomgation is due to lower height.

The outliers, that correspond to exceptional perfume eéatitan be justified by their deviation
from the main data trends for one or more attributes. In paldr, invariant moments of high
order, p3 to @7, that do not contribute to distinguish among the mainstreata, isolate several
asymmetrical bottles, as illustrated by the first contourFigure 3. The other silhouettes of
figure 3 represent some of the exceptional bottles togethtbrtheir justification. It can be noted
that some outliers are due to incorrect contour extractanlustrated with the last example, but
such cases remain rare.

5. MATCHING OF THE SEMANTIC AND NUMERICAL SHAPE DESCRIPTIONS

Lastly we study the matching between the obtained clustatttee semantic description of the
perfume bottles to characterise the obtained clusters rstizahy.

5.1. Applied method

For each semantic tertmand each cluster, we compare the proportion of bottlesdrthe term
describes and this proportion computed across all datandlly, denotingn the total number of
bottles,n; the number of bottles described with tetmm. the number of bottles in clusterandrn.;
the number of bottles in clusterdescribed with the adjectivie we compute the local proportion
Lp(t,c) = (na/ne) / (ng/n). This is identical to the classic lift criterion used in asistion rule
analysis. High values above 1 mean that the adjective isfisigmtly more present in the cluster
than it is globally, implying that the term is somehow regmsitive of the cluster. On the contrary,
low values smaller than 1 mean that the adjective is much mlosent from the cluster than it is
globally: this indicates that the cluster may be charasteriby the absence of the term.



5.2. Obtained results

Table 3 presents all pairs (cluster, semantic term) for WHig is higher than 1.5 or lower
than 0.5 together with the cluster prototype. It must be divdal that the significant present
(resp. absent) adjectives are not necessarily presergsp.(absent of) the prototype that has been
computed in the numerical space without considering theaséimannotations.

Some of the observed associations can be justified from theencal shape characterisation
presented in the previous section, in particular from thapprtion variation in terms of thinness:
the important thinness of cluster 1 can justify its des@iptasetherealand can provide a fragile
look accounting for the significant absencepaiwerful Moreover, in contrast with bottles of
cluster 7 and 8 for instance, whose center of gravity is vewy, Icluster 1 bottles can be seen
as having a dynamic look due to their thinness, explainimgattjectiveslynamic young sport
Cluster 2 contains bottles that are smaller but still eléadiathey can still provide the idea of
lightness, but without the fragility semantics and onlyhattie notion of sport performances. This
may explain why the presence sifortis more significant for cluster 2 than for cluster 1. Cluster 3
goes further in increasing width and area, as well as deicigadongation. These proportions
can be seen as providing a robust character, accountindpdasiginificant presence pbwerful
Further decreasing elongation along clusters, throughh#bowed increase of width and decrease
of height, can make a feeling of balance and security emerhide the wordsetherealandsport
become characteristically absent (clusters 6 and 8).

Other adjectives seem to be more difficult to interpret whexiaming the clusters with their
numerical description as presented in the previous sectit, from visual inspection of the
cluster content, they appear to be relevant: for instanefluld term for cluster 7 can be justified
by the predominant curve lines in the bottles assigned socihister that soften the shape. Likewise
the significant presence of tlvearm adjective in cluster 6 can be explained by the colours of the
bottles and perfumes assigned to the cluster. Althougtethmsrpretations cannot be explained
by the exploited attributes, and should be confirmed by th®duction of new descriptors, as
histograms of local line directions, or average curvatadius, it seems promising that they can
already be made: they may indicate correlations used in ¢élsegd process, that relate e.g. the
presence of curves or specific colours to specific propastmfrthe bottles and their elongation.

The introduction of such additional descriptors could &sable to refine the identified clusters,
and lead to the characterization of adjectives that are ightlighted in the present experiment,
such agjeometri¢ as well as the better interpretation of some associatiwatsstill require further
investigation, asnysteriousor playful, that provide descriptions at a higher abstraction level.

6. CONCLUSION

In this paper we studied the shape of perfume bottles, both the subjective and the objective
points of view, using two different description spaces: mastic and linguistic one obtained
by manual annotation and a numerical one made of automgtietracted shape attributes. We
then considered the matching of these two description spaiag statistics and machine learning



tools. The obtained results led to the identification of asgimns within and between these two
spaces, that can be interpreted and justified, in partiazideng the thinness attribute of the bottle
that appears to play a major role.

The identified associations depend on the considered dag;are thus specific to perfume
bottles, which is not in contradiction with the fact that soof them may be due to linguistic cor-
relations. All of them reflect true associations underlya@egsigner appreciations of the perfume
bottles. Future works aim at performing a similar experitmeith other products, so as to compare
the identified associations and highlight those constatsacseveral domains. Other perspectives
concern the refinement of the established relations, eshettirough the addition of more expres-
sive numerical shape descriptors, e.g. regarding the deasition and separate characterizations
of the bottles themselves and their caps. The combinatitim alour and texture of the perfume
bottles may also provide useful information: although aatars were asked to focus on the bottle
shapes, these other perceptions may have biased their @dgmd taking them into account may
help to improve the quality of the association of the nunaramd semantic description spaces.

ACKNOWLEDGMENTS

We thank Jieun Kim and Laurence Moscardini for their presibelp in conducting the inter-
views with designers. This work was supported by the prof@eNIUS funded by ANR, 07
TLOG 005.

REFERENCES

[1] Hsiao, H and Huang, H. A neural network based approaciprfoduct form designDesign
Studies 23:67-84, 2002.

[2] Bouchard, C, Omhover, J.-F, Mougenot, C, Aoussat, A, Westerman, S. TRENDS, a
content-based information retrieval system for designer$roc. of DCC082008.

[3] Omhover, J.-F, Bouchard, C, Mantelet, F, and Aoussak@&malizing design rules appearing
in early design: an application of agglomerative clustgrim Proc. of ICEDO7 2007.

[4] Hayashi, T and Hagiwara, M. Image query by impressiondsor the 1QI system.I[EEE
Transactions on Consumer Electronidgl(2):347-352, 1998.

[5] Colombo, C, Del Bimbo, A, and Pala, P. Semantics in visnfdrmation retrieval. IEEE
Multimediag 6(3):38-52, 1999.

[6] Li, Q, Luo, S, and Shi, Z. Fuzzy aesthetic semantics dpson and extraction for art image
retrieval. Computers and Mathematics with Applicatip2608.

[7] Hu, M. Visual pattern recognition by moment invariantEEE Transactions on Information
Theory 8:179-187, 1962.

[8] Lesot, M.-J and Bouchon-Meunier, B. Descriptive cortcegtraction with exceptions by
hybrid clustering. IrProc. of Fuzz-IEEE'0O4pages 389-394, 2004.

[9] Lesot, M.-J, Rifgi, M, and Bouchon-Meunier, B. Fuzzy fatypes: From a cognitive view to a
machine learning principle. IRuzzy Sets and Their Extensions: Representation, Aggoegati
and Modelspages 431-452. Springer, 2007.



Table 3. Characteristic adjective presence or absence for theeroeptional clusters

Significant presence Significant absence || Cluster shape
Cluster number adjective | Lp value || adjective Lp value prototype
1 ethereal 3.12 powerful 0.36
tangy 2.10 attractive 0.38 n
dynamic 1.72 || extravagant  0.43 I
mysterious| 1.65 aggressive 0.46 |
young 1.63 high-tech 0.49 =
sport 1.57
2 sport 1.96 || glamorous 0 tJ"\,%
high-tech 1.70 charming 0.21 .
warm 0.40 li
3 powerful 1.53 fluid 0.42 M
sensual 0.47 [ 7
mysterious 0.48 l |
playful 0.49 —
4 playful 1.52 reassuring 0.21 F
natural 0.41 7
soothing 0.45 L,,[
5 reassuring 1.82 fluid 0.21
high-tech 1.66 ethereal 0.25 /j{
retro 1.51 || playful 0.36 j 1
sensual 0.46 )
charming 0.47
6 playful 1.83 sport 0.38
warm 1.55 ethereal 0.43 fi
sensual 1.55 || high-tech 0.47 T
austere 0.48
masculine 0.49
7 fluid 2.30 aggressive 0.37
charming 1.98 masculine 0.41
reassuring 1.70 —
mysterious| 1.65 — Lj
original 1.62 b
high-tech | 1.55 B
feminine 1.52
playful 1.52
8 aggressive| 1.83 pur 0
warm 1.61 sport 0.26
charming 0.28 e
ethereal 0.30 m A
high-tech 0.32 .
reassuring 0.35 \
balanced 0.36
soft 0.40




