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Abstra
t. A novel approa
h to 
olour-based obje
t re
ognition and im-age retrieval -the multimodal neighbourhood signature- is proposed. Obje
tappearan
e is represented by 
olour-based features 
omputed from imageneighbourhoods with multi-modal 
olour density fun
tion. Stable invariantsare derived from modes of the density fun
tion that are robustly lo
ated bythe mean shift algorithm. The problem of extra
ting lo
al invariant 
olourfeatures is addressed dire
tly, without a need for prior segmentation or edgedete
tion. The signature is 
on
ise { an image is typi
ally represented by afew hundred bytes, a few thousands for very 
omplex s
enes.The algorithm's performan
e is �rst tested on a region-based image retrievaltask a
hieving a good (92%) hit rate at a speed of 600 image 
omparisons perse
ond. The method is shown to operate su

essfully under 
hanging illumi-nation, viewpoint and obje
t pose, as well as non-rigid obje
t deformation,partial o

lusion and the presen
e of ba
kground 
lutter dominating thes
ene. The performan
e of the multimodal neighbourhood signature methodis also evaluated on a standard 
olour obje
t re
ognition task using a pub-li
ly available dataset. Very good re
ognition performan
e (average mat
hper
entile 99.5%) was a
hieved in real time (average 0.28 se
onds for re
og-nising a single image) whi
h 
ompares favourably with results reported inthe literature.1 Introdu
tionColour-based image and video retrieval has many appli
ations and a

eptable re-sults have been demonstrated by many resear
h and 
ommer
ial systems during thelast de
ade [22℄. Very often, appli
ations require retrieval of images where the queryobje
t or region 
over only a fra
tional part of the database image, a task essentiallyidenti
al to appearan
e-based obje
t re
ognition with un
onstrained ba
kground.Retrieval and re
ognition based on obje
t 
olours must take into a

ount the fa
-tors that in
uen
e formation of 
olour images: viewing geometry, illumination 
on-ditions, sensor spe
tral sensitivities and surfa
e re
e
tan
es. In many appli
ations,illumination 
olour, intensity as well as view point and ba
kground may 
hange.Moreover, partial o

lusion and deformation of non-rigid obje
ts must also be takeninto 
onsideration. Consequently, invarian
e or at least robustness to these diversefa
tors is highly desirable.Most 
urrent 
olour based retrieval systems utilise various versions of the 
olourhistogram [24℄ whi
h has proven useful for des
ribing the 
olour 
ontent of the wholeimage. However, histogram mat
hing 
annot be dire
tly applied to the problem ofre
ognising obje
ts that 
over only a fra
tion of the s
ene. Moreover, histogramsare not invariant to varying illumination and not generally robust to ba
kground
hanges. Applying 
olour 
onstan
y methods to a
hieve illumination invarian
e forhistogram methods is possible but 
olour 
onstan
y itself poses a number of 
hal-lenging problems [8℄. Other methods addressing image (as opposed to obje
t) simi-larity are those using wavelets [12℄ and moments of the 
olour distribution [11, 18℄.



Finally, graph representations of 
olour 
ontent (like the 
olour adja
en
y graph [15℄and its extension to a hybrid graph [21℄) have provided good re
ognition for s
eneswith fairly simple 
olour stru
ture.Departing from global methods, lo
alised invariant features have been proposedin order to gain robustness to ba
kground 
hanges, partial o

lusion and varyingillumination 
onditions. Histograms of 
olour ratios 
omputed lo
ally from pairs ofneighbouring pixels for every image pixel [9℄ or a
ross dete
ted edges [10℄ have beenused. However, both methods are limited due to the global nature of histogramrepresentation. In the same spirit, invariant ratio features have been extra
ted fromnearby pixels a
ross boundaries of segmented regions for obje
t re
ognition [20, 19℄.Absolute 
olour features have been extra
ted from segmented regions in [23, 17℄.However, reliable image segmentation is arguably a notoriously diÆ
ult task [22,19℄. Other methods split the image into regions from where lo
al 
olour features are
omputed. For example, the FOCUS system [5℄ 
onstru
ts a graph of the modesof the 
olour distribution from every image blo
k. However, not only extra
tingfeatures from every image neighbourhood is ineÆ
ient, but also the features useddo not a

ount for illumination 
hange. In addition, use of graph mat
hing for imageretrieval has often been 
riti
ised due to its relatively high 
omplexity.We propose a method to address the 
olour indexing task by 
omputing 
olourfeatures from lo
al image neighbourhoods with multimodal 
olour probability den-sity fun
tion. First, we dete
t multimodal neighbourhoods in the image using arobust mode estimator, the mean shift algorithm [7℄. From the mode 
olours weare then able to 
ompute a number of lo
al invariant features depending on theadopted model of 
olour 
hange. Under di�erent assumptions, the resulting multi-modal neighbourhood signatures (MNS) 
onsist of 
olour ratios, 
hromati
ities, raw
olour values or 
ombinations of the above. Our method improves on previous onesby{ 
reating a signature whi
h 
on
isely represents the 
olour 
ontent of the imageby stable measurements 
omputed from neighbourhoods with informative 
olourstru
ture. Neither prior segmentation nor edge dete
tion is needed.{ 
omputing invariant features from robustly �ltered 
olour values representinglo
al 
olour 
ontent{ e�e
tively using the 
onstraints about the illumination 
hange model thus re-sulting in a 
exible 
olour signature{ applying signature instead of histogram mat
hing to identify and lo
alise thequery obje
t in the database imagesThe advantages of 
omputing features from dete
ted multimodal neighbour-hoods are dis
ussed in the next se
tion. The algorithmi
 details of the approa
hand the implemented algorithm is des
ribed in se
tion 3. Se
tion 4 presents detailsabout the experimental setup and the results obtained are presented in se
tion 5.Se
tion 6 
on
ludes the paper.2 The MNS Approa
hConsider an image region 
onsisting of a small 
ompa
t set of pixels. The shape ofthe region is not 
riti
al for our appli
ation. For 
onvenien
e, we use regions de�nedas neighbourhoods around a 
entral point. Depending on the number of modes ofthe probability distribution of the 
olour values, we 
hara
terise su
h regions asunimodal or, for more than one mode, multimodal neighbourhoods. Clearly, forunimodal neighbourhoods no illumination invariant features 
an be 
omputed. Wetherefore fo
us on dete
ted multimodal neighbourhoods. In parti
ular, multimodalneighbourhoods with more than two modes provide good 
hara
terisation of obje
ts



(a) (b) (
) (d)Fig. 1. Multimodal neighbourhood dete
tion: (a) original image (b) randomised grid (
)dete
ted bimodal neighbourhoods (d) dete
ted trimodal neighbourhoodslike the ball in Fig 1(d) and 
an result in eÆ
ient re
ognition on the basis of onlyfew features.The advantages of extra
ting 
olour information from multimodal neighbour-hoods are many-fold. Lo
al pro
essing is robust to partial o

lusion and deformationof non-rigid obje
ts. Data redu
tion is a
hieved by extra
ting features only from asubset of all image neighbourhoods. Moreover, a ri
h des
ription of 
olour 
ontent isobtained sin
e a single 
olour pat
h 
an 
ontribute to more than one neighbourhoodfeature 
omputation. The 
omputation time needed to 
reate the 
olour signatureis small sin
e the most 
ommon neighbourhood type - unimodal neighbourhoods -are ignored after being dete
ted very eÆ
iently. Furthermore, illumination invariantfeatures 
an be 
omputed from the mode values to a

ount for varying illumination
onditions even within the same image. Regarding retrieval, region-based queriesare eÆ
iently handled and lo
alisation of the query instan
e in the database imagesis possible. Finally, the proposed representation allows the users to sele
t exa
tlythe lo
al features they are interested in from the set of the dete
ted multimodalneighbourhoods of the query image.Computing 
olour invariants from dete
ted multimodal neighbourhoods has 
er-tain advantages with respe
t to extra
ting features a
ross dete
ted edges. Most edgedete
tion methods require an intensity gradient and a lo
ally linear boundary. Theyoften perform poorly at 
orners, jun
tions and regions with 
olour texture - exa
tlyin those regions, where 
olour information 
an be highly dis
riminative. In addi-tion, the multimodal neighbourhood approa
h dire
tly formulates the problem ofextra
ting 
olour features.3 The Algorithm3.1 Computing the MNS SignatureThe image plane is 
overed by a set of overlapping small 
ompa
t regions. In the
urrent implementation, re
tangular neighbourhoods with dimensions (bx; by) were
hosen. Compa
t regions of arbitrary shape - or even non-
ontiguous 
ompa
t setsof pixels - 
ould have been used. Re
tangular neighbourhoods were sele
ted sin
ethey fa
ilitate simple and fast pro
essing of the data. To avoid aliasing ea
h re
t-angle is perturbed with a displa
ement with uniform distribution in the range[0; bx=2) ; [0; by=2), Fig. 1(b). To improve 
overage of an image (or image region),more than one randomised grids 
an be used, slightly perturbed from ea
h other.For every neighbourhood de�ned by su
h randomised grids, the modes of the
olour distribution are 
omputed with the mean shift algorithm des
ribed below.



Modes with relatively small support are dis
arded as they usually represent noisyinformation. The neighbourhoods are then 
ategorised a

ording to their modalityas unimodal, bimodal, trimodal et
. (e.g. see Fig. 1)For the 
omputation of the 
olour signature only multimodal neighbourhoodsare 
onsidered. For every pair of mode 
olours mi and mj in ea
h neighbourhood,we 
onstru
t a ve
tor v = (mi;mj) in a joint 6-dimensional domain denoted RGB2.In order to 
reate an eÆ
ient image des
riptor, we 
luster the 
omputed 
olourpairs in the RGB2 spa
e and a representative ve
tor for ea
h 
luster is stored.The 
olour signature we propose 
onsists of the modes of the distribution in theRGB2 spa
e. For the 
lustering, the mean shift algorithm is applied on
e more toestablish the lo
al maxima. The 
omputed signature 
onsists of a number of RGB2ve
tors depending on the 
olour 
omplexity of the s
ene. The resulting stru
ture is,generally, very 
on
ise and 
exible.Note that for the 
omputation of the signature no assumption about the 
olour
hange model was needed. The parameters 
ontrolling mode seeking, that is thekernel width and the neighbourhood size are dependent on the database images;the former being related to the amount of �ltering (smoothing) asso
iated with themean shift and the latter depending on the s
ale of the s
ene. A multis
ale extensionof the algorithm, though relatively straightforward to implement (e.g. by applyingthe MNS 
omputation to an image pyramid), has not yet been tested.3.2 Computation of Neighbourhood Modality with the Mean ShiftAlgorithmTo establish the lo
ation of a mode of the 
olour density fun
tion the mean shiftalgorithm is applied in the RGB domain. The general kernel-based estimate of atrue multivariate density fun
tion f(�x) at a point �x0 in a d-dimensional data spa
eis given by f̂(�x0) = 1nhd nXi=1 K � �xi � �x0h � (1)where �xi; i = 1::n are the sample data points and K is the kernel fun
tion withkernel width h. In this work, we are not interested in the value of the density fun
tionat the point �x0 but rather in the lo
ation of its maxima lo
ations in the data spa
e. Asimple and eÆ
ient algorithm for lo
ating the maximum density points was proposedby Fukunaga [7℄ when the kernel fun
tion in (1) is the Epane
hnikov kernelKE(�x) = � 12
�1d (d+ 2)(1� �xT �x) if �xT �x < 10 otherwise (2)where 
d is the volume of the unit d-dimensional sphere and �x are the data points.The kernel has been shown to be robust to outliers and optimum in the sense ofhaving minimum integrated square error in 
omparison with other kernels [3℄.The me
hanism of the mean shift algorithm 
onsists of iteratively shifting thekernel to the average of the data points within by the mean di�eren
e ve
torMh(�x) = 1n�x X�xi2Sh(�x)(�xi � �x) = h2d+ 2 r̂f(�x)f̂(�x) (3)where n�x is the number of data points inside the hypersphere S of radius h 
entred at�x. Equation 3 is an estimate of the normalised gradient of the density fun
tion f(�x)in the d-dimensional spa
. As shown in [7℄, translation of the kernel 
entre towardsthe dire
tion of the mean di�eren
e ve
tor is equivalent to a gradient as
ent to thelo
al mode of the distribution. Convergen
e to the 
losest mode is guaranteed [4℄.



(a) (b)Fig. 2.Robust �ltering using the mean shift algorithm: (a) original image (b) �ltered image(every neighbourhood pixel repla
ed by the mode of the density fun
tion it 
onverged to)Due to the non-linearity of the kernel, the �ltering preserves dis
ontinuities,details and retains lo
al image stru
ture. This is parti
ularly important for images
ontaining small obje
ts like the swimmer's 
ap in Fig. 2. The speed of the algorithmwas tested experimentally, and 
onvergen
e was very fast (typi
ally 4-5 iterationsfor 
omplex data). Due to its advantageous properties the mean shift algorithmhas been used in the past for image segmentation [4℄ and fa
e tra
king. For theMNS method, a 
omputationally simple algorithm was implemented (see [16℄ for aneÆ
ient implementation).Repla
ing ea
h pixel in the neighbourhood with the mode it 
onverged to resultsin a �ltered image like the one in Fig. 2(b). The �ltered image is produ
ed byrepla
ing the value of ea
h pixel pj ; j = 1::n of a neighbourhood with the 
losestmode mj of the 3-dimensional 
olour density fun
tion using an iterative pro
edure:For ea
h j = 1::n1. Initialise i = 0 and set the 
urrent mode estimate m0j to the value ofthe pixel pj2. Update the mode estimate mi+1 = 1ni P�xk2S3(mi) �xk; i i+ 1until 
onvergen
e i.e. until mi+1 �mi < �3. Repla
e the value of pixel pj with the value of the lo
al mode mj it
onverged to.3.3 Computing Invariant Features from Multimodal NeighbourhoodsFrom the multimodal neighbourhood signature, a number of invariant features 
anbe 
omputed. For the ease of exposition we will des
ribe feature extra
tion frombimodal neighbourhoods whi
h are the simplest multimodal ones.Consider a lo
al image pat
h with two adja
ent surfa
es i and j. A

ording tothe mono
hromati
 model of surfa
e re
e
tan
e [15, 10℄ the two estimated mode
olours will be given byri = (Ri; Gi; Bi) = ski gi
kirj = (Rj ; Gj ; Bj) = skj gj
kj ; k = R;G;Bwhere ski is the illumination fa
tor, gi is the geometri
 fa
tor and 
ki s the k-th sensorresponse to the surfa
e re
e
tan
e of pat
h i under white light(surfa
e 
olour).



Besides modelling the e�e
ts of 
hange in viewpoint and obje
t pose, the geometri
fa
tor g of the mono
hromati
 model en
ompasses all fa
tors that have the samee�e
t on ea
h 
olour 
hannel, e.g. 
hange of aperture or 
amera gain and 
hange inillumination intensity. CoeÆ
ients ski represent fa
tors that e�e
t individual 
olour
hannels, e.g. the 
hange of illumination 
olour in the diagonal 
olour 
onstan
ymodel des
ribed below.A di�erent image of the same surfa
e 
olour pair under di�erent light and obje
tpose would 
hange re
orded 
olours tor0i = (R0i; G0i; B0i) = s0ki g0i
kir0j = (R0j ; G0j ; B0j) = s0kj g0j
kj ; k = R;G;Brespe
tively.Assuming 
onstant illumination for both the database and the query s
enesthe 
olour 
hange model for s0k
 = sk
 ; g0
 = g
 ; 
 = i; j and gi = gj be
omesr0i = ri and r0j = rj and the simplest invariant 
olour features appear to be themode 
olour values in the RGB2 spa
efsg = (Ri; Gi; Bi; Rj ; Gj ; Bj)When s0k
 = sk
 ; 
 = i; j ; gig0i = gjg0j but gi 6= gj , orientation 
hange is assumed tobe same for both surfa
es under 
onstant light. Colour 
hange is modelled byr0i = g0igi ri and r0j = g0jgj rjIn this 
ase, various 5-dimensional features 
an be 
onstru
ted from the mode
hromati
ities xk = RkRk +Gk +Bk ; yk = GkRk +Gk +Bk k = i; jand rational features. For example the 2 mode 
hromati
ities and an intensity ratioprodu
e the 5D feature ve
torfg = (xi; yi; Iij ; xj ; yj) where Iij = ( Ri +Gi +BiRj +Gj +Bj )proposed in [15℄.When s0k
 = sk
 ; 
 = i; j but gi 6= gj and gig0i 6= gjg0j , varying illumination intensityis assumed due to surfa
e dis
ontinuities and orientation 
hanges. Colour 
hange ismodelled as before and the 
hromati
ities of the estimated mode 
olours are simpleinvariant 4-dimensional featuresfgd = (xi; yi; xj ; yj)The assumption of 
onstant illumination within the same s
ene is violated inmost natural s
enes. However, it is realisti
 to assume 
onstant illumination 
olourin lo
al image neighbourhoods. The diagonal model of illumination 
hange has beenshown plausible when 
amera sensors are suÆ
iently narrow-band �lters [6℄. A

ord-ing to this model, illumination 
hange is modelled by an independent s
aling of the
olour 
hannels by a di�erent 
onstant i.e. s0k
 = dksk
 ; 
 = i; j ; dk 2 IR. It is easyto show that (assuming diagonal illumination 
hange) the ratio of 
olours betweentwo neighbouring surfa
es with di�erent 
olours is invariant to lighting 
hanges [14,9℄. Nevertheless, for the assumption to hold, the two neighbouring surfa
es must



have the same orientation i.e. gi = gj . Invariant features 
an be 
omputed from the3 
olour 
hannel ratios of the mode RGB valuesf
 = �RiRj ; GiGj ; BiBj�In the most general situation, where orientation is di�erent for the two surfa
esgi 6= gj and gig0i 6= gjg0j , the 2-dimensional 
ross-ratio ve
torsf
gd = �RiGjGiRj ; GiBjGjBi�are invariant under the diagonal model as shown in [10℄.Di�erent invariants, but not ne
essarily independent, may be 
omputed from apair of RGB values (e.g. based on the hue-saturation 
olour model). We have notexplored this issue. Invariants that 
ould be obtained by exploiting higher orderinformation from neighbourhoods with more than 2 modes have not been studiedeither.3.4 Mat
hing Multimodal Neighbourhood SignaturesA simple signature mat
hing te
hnique was applied to 
ompute the dissimilaritybetween two MNS image signatures. The algorithm attempts to �nd a mat
h forall model features assuming that the model signature 
ontains only informationabout the obje
t of interest. This assumption is realisti
, sin
e in obje
t re
ognitionappli
ations a model database is typi
ally built o�-line in 
ontrolled 
onditions (e.g.with ba
kground allowing easy segmentation). In image retrieval appli
ations, thequery region is delineated by the user. Sometimes the full image is the obje
t ofinterest and its MNS des
ription is an appropriate model. However, if only part ofthe image is 
overed by the obje
t of interest and the full image des
riptor is storedas a model, a loss in re
ognition performan
e is likely.On the other hand, test images may originate from s
enes 
ontaining the model(query) obje
t only as a fra
tion of the pi
ture. The mat
hing pro
edure is thereforeasymmetri
. A mismat
h of a model feature is penalised whereas a mismat
h of a testimage feature is not. In other words the mat
hing algorithm attempts to interpretthe model signature as a distorted subset of the test image signature.Let I = 1::n and J = 1::m be the indi
es of the model and test features respe
-tively. We de�ne a mat
h asso
iation fun
tion u(i) : I ! 0SJ ; i 2 I , mappingea
h model feature i to the test feature it mat
hed or to 0 if it did not mat
h.Similarly, a test asso
iation fun
tion v(j) : J ! 0S I ; j 2 J , maps a test featureto a model feature or to 0 in 
ase of no mat
h. A single threshold Th de�nes themaximum allowed distan
e between two mat
hing features. The mat
hing problem,i.e the problem of uniquely asso
iating ea
h feature sMi ; i = 1::n of the model sig-nature with a test feature sTj ; j = 1::m and the 
omputation of a mat
h s
ore isresolved in the following 4 steps:1. Set u(i) = 0 and v(j) = 0 8 i; j. From ea
h signature s 
ompute theinvariant features fMi ; fTj a

ording to the 
olour 
hange model di
tatedby the appli
ation.2. Compute all pairwise distan
es dij = d(fMi ; fTj ) between the model andtest features.3. Set u(i) = j; v(j) = i if dij < dkl and dij < Th 8 k; l with u(k) = 0and v(l) = 0.4. Compute signature dissimilarity as



D(sM ; sT ) = X(8 i :u(i)6=0) dij + X(8 i :u(i)=0)Th (4)Computing overall image similarity, the quality of the model features that mat
hedis taken into a

ount and the s
ore is penalised for any unmat
hed model features.Note that features are allowed to mat
h only on
e. In general, the more model fea-tures mat
hed, the lower the D(sM ; sT ) value and the more similar the 
omparedimages.3.5 Computing Feature Distan
esLet v = (va; vb) and u = (ua; ub) be two ve
tors in the RGB2 spa
e. The adopteddistan
e fun
tion is the sum of the square norms of the pairwise ve
tor 
omponentdi�eren
esdRGB2(v; u) = min fkva � uak+ kvb � ubk; kva � ubk+ kvb � uakg (5)Taking the minimum distan
e between the original and 
omponent-wise invertedve
tors is ne
essary be
ause the order of the mode values in the joint ve
tors is not�xed.Various distan
e fun
tions 
an be de�ned for the 
hromati
ity and rational fea-tures. We 
hose the same fun
tion (5) for measuring distan
e in the 4D joint 
hro-mati
ity domain. A distan
e for 5D features was proposed in [15℄. For mat
hingrelative features, a simple formula was deviseddfra
(p; q) = ja � d� b � 
jpa+ b+ 
+ d (6)where p = ab and q = 
d are 1-dimensional fra
tions. The distan
e between the
olour ratio between two RGB values pi, pj de�ned asr1 = �r1R; r1G; r1B� =  R1iR1j ; G1iG1j ; B1iB1j !and another ratio r2 = �r2R; r2G; r2B� between two other 
olours qi and qj is thendrat(r1; r2) = 13 �dfra
(r1R; r2R) + dfra
(r1G; r2G) + dfra
(r1B ; r2B)� (7)The modi�
ation of drat to measure the distan
e between 2-dimensional 
ross-ratiosis trivial, ignoring one 
olour 
hannel in (7).
Fig. 3. Query sele
tion and representative multimodal neighbourhoods



(a) (b) (
) (d)Fig. 4. Sample target images demonstrating possible 
ases of: (a) ba
kground 
lutter, (b)non-rigid deformation, (
) illumination 
hange and (d) obje
t size4 Data and Experimental Setup4.1 Image Retrieval ExperimentWe tested the suitability of the multimodal neighbourhood signature method forregion-based image retrieval using a 30 minute video sequen
e of a BBC summary ofthe Atlanta Olympi
 games. The obje
tive of the experiment was to retrieve framesthat involved Irish events or athletes, therefore we sear
hed for the presen
e of theIrish national 
olours in the image database.In total, 145 frames were randomly 
hosen from the sequen
e yielding a databaseof very di�erent images, taken both indoors and outdoors. Obje
t pose, s
ale as wellas illumination was arbitrary (Fig. 5). No image was removed from the original se-le
tion and no image prepro
essing was applied. The size of ea
h frame was 176�144pixels. The query image was a re
tangular region, a part of an Irish 
ag (Fig. 3).The MNS signatures were 
onstru
ted very fast using a more eÆ
ient implemen-tation des
ribed in [16℄. The multimodal signatures for the database images were
omputed in 0.1 se
onds on average and the query signature was 
omputed in lessthan 0.1 se
onds on a SUN Ultra Enterprise 450 with quad 400MHz UltraSPARC-IICPUs. The average signature size for the database images was 900 bytes.In order to evaluate performan
e 13 \target" images 
ontaining the Irish 
olourswere in
luded in the database. The target images were manually sele
ted fromthe same sequen
e as the database images and represented s
enes of very di�erent
ontent. Obje
ts 
ontaining the sought 
olours in the target images were often Irish
ags sometimes o

luded, non-rigidly deformed and/or of various sizes (Fig. 4).Sometimes, the frames were taken at shot transitions where video editing e�e
ts wereapparent. Finally, illumination 
onditions 
hanged dramati
ally between some ofthe frames resulting in 
ompletely di�erent re
orded 
olours. For example 
ompare
Fig. 5. Sample daatabase images



image 3 with image 4(
) taken in the evening under very di�erent light. Images 4and 3 
an be viewed in 
olour in [13℄.The parameters involved in the 
omputation of the signature and mat
hingwere not espe
ially tuned for the task. Two 
onse
utive randomised grid sear
heswere performed with the same neighbourhood size (8 � 8 pixels) and the result-ing multimodal neighbourhoods were merged into a larger set before 
lustering and
omputing the signature. Informative higher order features that are available atmultimodal neighbourhoods with more than 2 modes were not exploited in the re-ported experiments. For the mean shift algorithm, a �xed kernel width of 25 unitswas used for the dete
tion in the RGB spa
e and 20 for the joint 6D spa
e. Modeswith support less than 10% of the neighbourhood were 
onsidered insigni�
ant andtherefore ignored. Low intensity modes (less than 5 per
ent of the luminan
e s
ale)were also not taken into a

ount to improve stability espe
ially in the 
ase of rela-tive 
olour feature mat
hing. Although ratios from pixels with saturated (
lipped)
olours are not expe
ted to be stable, we did not remove saturated 
olours for thereported experiments. The mat
hing threshold was also �xed and was dependentonly on the nature of the features used. For example, for RGB2 feature mat
hing,mat
hing threshold was �xed to 100 for the proposed distan
e fun
tion (5).4.2 Obje
t Re
ognition ExperimentTo 
ompare MNS performan
e with results reported in the literature, we performeda well known 
olour obje
t re
ognition experiment using a dataset 
olle
ted byM. Swain. The database is publi
ly available [1℄ and has been used in a number of
olour re
ognition experiments (e.g. [24, 9, 21℄). The model image set 
onsisted of66 household obje
ts imaged on bla
k ba
kground under the same light (for a full
olour image of the database see [24℄) . The test set 
onsisted of 32 images, a subsetof model obje
ts rotated, displa
ed or deformed (e.g. 
lothes). The test databaseand the 
orresponding model obje
ts are shown in Fig. 6.MNS performan
e evaluation was identi
al to Funt and Finlayson's [9℄ whereratio histogram mat
hing was used for re
ognition. However, for that experiment,11 model and 8 test images were removed from the database due to saturated pixelswhereas we used all images. The same experiment was repeated by Park et al. [21℄using a 
olour adja
en
y graph representation of image 
olour stru
ture.Computation of ea
h MNS signature took 0.1 se
onds on average. Image sizewas 128� 90 pixels for both the model and test image sets. The average signaturesize was 150 bytes [16℄. No image prepro
essing, subsampling or smoothing wasapplied before signature 
omputation. All internal parameters (mean shift kernelwidth, neighbourhood size et
) were exa
tly the same as those used for the imageretrieval experiment.5 Results5.1 Image RetrievalWe �rst report results on the retrieval task from a database of sport images de-s
ribed in se
tion 4. Database images were mat
hed to the query image (Fig. 3)and sorted by their similarity to the query. Performan
e was evaluated a

ordingto the per
entage of relevant images that were retrieved in the top 20 ranks of theretrieved list. In general, retrieval was very fast. A single signature mat
h s
ore was
omputed in approximately 1.5 ms i.e. the retrieval pro
eeds at 600 mat
hes/se
on average. The results are presented in Fig. 8 as plots of per
entage of relevantimages as a fun
tion of the the number of retrieved images.



(a) Test obje
ts used for the re
ognition experiment

(b) Model obje
ts 
orresponding to the tests in (a)Fig. 6. Sample test and model images from Swain's database
(a) (b) (
) (d)Fig. 7. Examples of Swain's model images with very similar red-white regions: (a) 
lam
howder 
an, (b) 
hi
ken soup 
an, (
) mi
key underwear and (d) red-white jumper
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Irish flag retrieval (3d features)

(
)Fig. 8. Retrieval results for di�erent 
olour invariant features using : (a) 6D RGB2 features(b) 4D 
hromati
ity features (
) 3D ratio features

(a) (b) (
) (d)Fig. 9. Neighbourhoods that mat
hed with the Irish 
ag query : (a) stripes on jumper (b)deformed 
ag in 
rowd (
) small 
ag on 
ap (I) (d) small 
ag on 
ap (II)
Retrieval results varied depending on the feature representation used. Assuming
onstant illumination for all images, 6-dimensional feature mat
hing was appliedwhi
h resulted in 12 out of 13 Irish images being in the top 20 ranks, a hit rate of92.3%. However, the remaining image was ranked 83. The same retrieval experimentwas repeated using the 4-dimensional 
hromati
ity ve
tors. Hit rate was 61.5% butthe worst rank was 53. We repeated the retrieval experiment for 3-dimensionalratio feature mat
hing using only simple ratios as des
ribed in se
tion 3.3. Theworst mat
h was 46 but hit rate was only 30.7%.When mat
hing based on absolute 
olour values, the 
olour 
onstan
y problemis apparent. An image with the query obje
t of similar size (Fig. 4(
)) had a very lowsimilarity s
ore due to the signi�
ant 
hange in the 
olour of illumination. Mat
h-ing illumination invariant features, like the 
hromati
ities or the ratios mentionedabove, improved performan
e assigning a high rank to the previously missed im-age. Although the hit rate was not so good as in the �rst 
ase, all relevant imageswere retrieved within a smaller subset of the retrieved image set. Clearly, there is atrade-o� between the hit rate as de�ned above and the invarian
e to the illumina-tion 
hange. In the 
ase where illumination 
olour was indeed 
onstant, the higherdimensionality features bene�ted from their higher dis
riminative power. However,in 
hanging illumination 
onditions, only relative invariant features were able to
orre
tly rank the images even though dis
rimination was not as good.



Table 1. Comparative 
olour obje
t re
ognition results for Swain's databaseMethod Rank Average Mat
h Number of test/model1 2 3 >3 Per
entile imagesMNS 27 2 2 1 0.995 32 / 66CC Colour Indexing 22 2 0 0 0.998 24 / 55Colour Indexing 29 3 0 0 0.999 32 / 66Hybrid graph 32 0 0 0 1.000 32 / 665.2 Colour Obje
t Re
ognitionAssuming that illumination was kept approximately 
onstant for all images inSwain's database the multimodal neighbourhood signature was tested using 6DRGB2 feature mat
hing. For ea
h test obje
t, signature dissimilarity from 66 modelsignatures (of the models des
ribed in se
tion 4) was 
omputed and the rank of the
orre
t pair stored. For a single test obje
t the re
ognition pro
ess took 0.28 se
-onds, i.e. 4 mse
 per image mat
h. Speed was still real-time although slower thanretrieval sin
e the models were more 
omplex than the Irish 
ag query image. Toallow 
omparison with previous experiments, re
ognition performan
e of the algo-rithm was assessed in terms of the average mat
h per
entile. The mat
h per
entilefor ea
h image mat
hed is de�ned as N�rN�1 where N is the number of model imagesand r is the rank of the model image 
ontaining the test obje
t.Results are presented in Table 1. Re
ognition performan
e is 
ompared with re-ported results for the 
olour indexing [24℄, 
olour 
onstant (CC) 
olour indexing [9℄and hybrid graph [21℄ representations respe
tively. Re
ognition using the MNS 
om-pared favourably to the other three algorithms with an average mat
h per
entile of99.5% using the default MNS parameters.The obje
ts that were not 
lassi�ed as rank 1 in
lude mainly obje
ts with red-white 
olour boundaries (e.g. Fig. 7). Su
h obje
t are 
ommon in Swain's databaseand their MNS signature is similar.Histograms re
ord areas (or relative areas if normalised) and have no problemsdis
riminating between obje
ts with almost identi
al 
olours but with di�erent sizesof 
olour region. For Swain's database this property is bene�
ial, sin
e most obje
tsundergo only rotations and translations and have approximately the same s
ale.Consequently, MNS is outperformed, although the di�eren
e seems insigni�
ant. Inthe presen
e of o

lusion, obje
t deformation or general view point 
hange (e.g. asin the image retrieval experiment above) relian
e on non-invariant and/or globalproperty like area or relative area will negatively a�e
t performan
e. The best re-ported result for this dataset was a
hieved by the hybrid 
olour adja
en
y graphwhi
h in
orporates information about the spatial arrangement of 
olours in the im-age. Although the MNS representation allows for lo
alisation of mat
hing regions,we did not demonstrate this feature in the reported experiments.6 Con
lusionsIn this paper, a novel approa
h to 
olour-based obje
t re
ognition and image re-trieval, the Multimodal Neighbourhood Signature (MNS) , was presented. The pro-posed method dire
tly formulates the problem of representing obje
t 
olour appear-an
e by 
omputing signatures of 
olour features derived from robust estimates ofthe modes of a lo
al 
olour density fun
tion. From a multimodal neighbourhoodsignature, a number of invariants were 
omputed to address 
hanges in the imaging
onditions within the appli
ation environment. In addition, by 
omputing features



from image neighbourhoods, the MNS method fa
ilitates region-based query spe
i-�
ation and image retrieval.We demonstrated our algorithm's performan
e on a region-based image retrievaltask and a good (92%) hit rate was a
hieved in real time (600 image mat
hes/se
on a SUN Ultra Enterprise 450 with quad 400MHz UltraSPARC-II CPUs). Rel-evant images were su

essfully retrieved regardless of ba
kground 
lutter, partialo

lusion or non-rigid obje
t deformation. In parti
ular, very small regions weresu

essfully mat
hed like the small Irish 
ags on the swimmer's 
aps (Fig. 9). Inaddition, the trade-o� between hit rate and illumination invarian
e was apparent inthe reported experiments. Regarding 
olour obje
t re
ognition, the MNS represen-tation was tested on a standard dataset and 
ompared favourably with three wellknown re
ognition algorithms. Very good performan
e (average mat
h per
entile99.5%) was a
hieved with default settings, identi
al to those used in the image re-trieval experiment. In general, the MNS signatures were 
on
ise and thus signi�
antdata redu
tion was a
hieved. An image was typi
ally represented by a few hundredbytes, a few thousands for very 
omplex s
enes.Future improvements to the algorithm in
lude introdu
ing a training/learningstage to eÆ
iently exploit dis
riminative 
olour 
hara
teristi
s inherent to the data-base at hand, and a multis
ale approa
h to 
ompensate for s
ale 
hanges. Sele
tionof an appropriate distan
e for 
olour invariants, espe
ially those taking the form of aratio, should be investigated. Finally, we intend to study the potential of multimodalneighbourhoods with more than two modes for re
ognition and retrieval.7 A
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