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Abstract

Contemporary Vision and Pattern Recognition problems ssctace recognition, fingerprinting identification, imageegoriza-
tion, and DNA sequencing often have an arbitrarily large banof classes and properties to consider. To deal with soictplex
problems using just one feature descriptor isféalilt task and feature fusion may become mandatory. Althawaymal feature
fusion is quite &ective for some problems, it can yield unexpected classificaesults when the @ierent features are not properly
normalized and preprocessed. Besides it has the drawbadokrefsing the dimensionality which might require moreéniray
data. To cope with these problems, this paper introducesfizdimpproach that can combine mafi@aturesand classifiersthat
requires less training and is more adequate to some prolfems naive method, where all features are simply conatgdrand
fed independently to each classification algorithm. Besitiat, the presented technique is amenable to continuausrg, both
when refining a learned model and also when adding new clés$esdiscriminated. The introduced fusion approach isiaadid
using a multi-class fruit-and-vegetable categorizatasktin a semi-controlled environment, such as a distributenter or the
supermarket cashier. The results show that the solutioblésta reduce the classification error in up to 15 percentag@pwith
respect to the baseline.
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1. Introduction Sometimes, the object can be inside a plastic bag that can add
. . L specular reflections and hue shifts.
Recogmzmg drerent kinds of vegetables anql fruits is a re- Given the variety and the impossibility of predicting which
current task in supermarkets,. where the gash|er must be abl'(‘?nds of fruifvegetables are sold, training must be done on-site
to point out not only the species of a particular fruit (ilea; by someone with little or no technical knowledge. Therefore

nana, apple, _!oear)_ but z_also its V‘"?‘rieF¥ (i.e_., Golden Duils; the system must be able to achieve a high level of precisitn wi
Jonagold, Fuji), which will determine it's price. The usebair- only a few training examples (e.g., up to 30 images).

cpdes has mostly ended this prolblem fgr packaged products bu Often, one needs to deal with complex classification prob-
given that consumers want to pick their produce, they can ncHalms. In such scenarios, using just one feature descriptor t

be E.aCkag?d’ "’?”‘?' thgs must be} we|ghrt]ekc.i. A cf:om.mon S?'Ptm@apture the classes’ separability might not be enough amd fe
to this problem s ISSUIng codes for eac |r_1d o tlw_ getable; ure fusion may become necessary. Although normal feature
Wh'Ch has pr_oble_m_s given that the memorization is harOI"lead;usion is quite &ective for some problems, it can yield unex-
Ing to errors in pricing. Fcted classification results when thé&elient features are not

b Ai a.r’:halq EO the czshltzr, r.nf\hny sugclermar!f[ﬁttsh!ssu? ‘;!)Sm roperly normalized and preprocessed. Besides it has #ve dr
thO(i ﬂW'  pic urefhanb C(|3<I ets.’ t'e problem wi 1S SOUEN hack of increasing the dimensionality of the data which rhigh
at flipping over the booklet is time-consuming. require more training examples.

This paper reviews several image descriptors in the litera- This paper presents a unified approach that can combine
ture and introduces a system to solve the problem by adalotinr%anyfeaturesand classifiers It requires less training and is
a camera to the supermarket scale that identifies fruits eagd v N
etables based on color texture. and appearance cues more adequate to some problems than a naive method, where
’ ' PP ' all features are simply concatenated and fed independgntly

F_ormglly, given an image of fruits or vegetables of only ONCeach classification algorithm. We expect that this solutidh
variety, in arbitrary position and number, the system mast r o
endure beyond the problem solved in this paper.

turn a list of possible candidates of the form (species etgi The introduced fusion approach is validated using an image

data set collected from the local fruits and vegetablesiblist
tion center and make it public. The image data set contains 15
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recognition and image categorization. Section 3 preségts t Another interesting technique was proposed by Berg et al.
different kinds of image descriptors used in this paper as wel2005). In that work, feature points are found in a gradient
as the produce data set. Section 4 introduces the solution fimage. The points are connected by a joining path and a match
feature and classifier fusion, and Section 5 presents erpari s signalized if the found contour is similar enough to the on
tal results. Finally, Section 6 draws the conclusions amdréu  in the database. A serious drawback of this method for preduc
directions. classification is that it requires a nonlinear optimizatoep to
find the best contour; besides that it relies too heavily @n th

. . silhouette cues, which are not a very informative feature fo

2. Literature review fruits like oranges, lemons and melons.

Recently, there has been a lot of activity in the arednof ]
age CategorizationPrevious approaches considered patterns irs- Materials and methods
color, edge and texture properties (Stehling et al., 200&y,
1986; Pass et al., 1997); low- and middle-level featuresgo d

tinguish broad classes of images (Rocha and Goldenstdi; 20 statistical, structural and spectral approaches. Statisap-

Lyu and Farid, 2005: Cutzu et al., 2005; Serrano et al., 2004)Droaches describe the objects using global and local gescri

In addition, Heidemann (2004) has presented an approach to etors such as mean, variance, and entropy. Structural agipeea

tablish image categories automatically using histograoiers represent the ObJeCFS appearance using wel_l-knovv_n puesit
: . : ; such as patches of important parts of the object. Finallgsp
and shape descriptors with an unsupervised learning method

With respect to the produce classification probl&eggieVi- ral approac_hes describe the_ Objects using some Specie Sp
. . epresentation such as Fourier spectrum (Gonzalez and$)ood
sion(Bolle et al., 1996) was the first attempt of a supermarke

L 007).
produce recognition system. The system uses color, teahde : - .
: . . . This paper analyzes statistical color and texture desgspt
density (thus requiring extra information from the scalépw-

ever, as this system was created sometime ago, it does ot tak> well as structural appearance descriptors to categouire

and vegetables in a multi-class scenario. Since the bedtieom
advantage of recent developments. The reported accuray wa_ . )

. . . ; nation of features was not known for this problem, we analyze
~ 95% in some scenarios but to achieve such result it uses the

top four responses. The data set used in this paper is more everal state-of-the-art Computer Vision features in miiy

o o . erent ways, and assemble a system with good overall agcurac
manding in some respects; while theirs had more classes, the. . o
. . . using underpinned cross-validation procedures that allihe
image capturing hardware gave a more uniform color and sup- I e .

. ) . combination of the best features and classifiers into aeizgd
pressed specular lights. The data set assembled in this pape

has greater illumination and color variation among imagks Unified approach.
. . The following sections present the statistical and stmadtu
there is no measure to suppress specularities.

e descriptors used in this paper, as well as the data set akskmb
In general, the produce classification problem can be seen 5¢ the validation process

a special instance of object’s categorization. Turk andlBed

(1991) employed principal component analysis and measur

the reconstruction error of projecting the image to a subspa

and returning to the original image space. We believe thlsis ~ TheSupermarket Produagata set is one of the contributions

suited for produce classification because it depends lyeawil  in this papet. In general, there are a few well-documented im-

illumination, pose and shape. age data sets available for image categorization and canten
Recently, Agarwal et al. (2004) and Jurie and Triggs (2005Pased image retrieval tasks for testing algorithm perforcea

adopted approaches that break down the categorization propLOI*and Caltechare two examples of such data sets for gen-

lem to the recognition of specific parts that are charadtea$  eral categorization.

each object class. These techniques, generally calledbag- TheSupermarket Produagata set is the result of five months

features (Marszalek and Schmid, 2006; Grauman and Darre®f on-site collecting in the local fruits and vegetablegrdisi-

2005; Sivic et al., 2005), showed promising results evengho tion center.

they do not try to model spatial constraints among features. ~ The images were captured on a clear background at the res-
Weber (2000) takes into account spatial constraints using @lution of 1,024 x 768 pixels, using a Canon PowerShot P1

generative constellation model. The algorithm can copé wit c@mera. For the experiments in this paper, they were downsam

occlusion in a very elegant manner, albeit very costly (expoPled to 640x 480. The data set comprises 13feiient cate-

nential in the number of parts). A further development mage b gories: Plum (264), Agata Potato (201), Astexrix Potatd@)18

Fei-Fei et al. (2006) introduced prior knowledge into thé-es Cashew (210), Onion (75), Orange (103), Taiti Lime (106),

mation of the distribution, thus reducing the number oftireg ~ Kiwi (171), Fuji Apple (212), Granny-Smith Apple (155),

examples to around 10 images while preserving a good recog-

nition rate. Even with this improvement, the problem of expo —; : o _

nential growth with the number of parts persists, which nsake _~'cey ~ available ~ from = http://www.1iv.ic.unicanp.br/

. . . . . ~undersun/pub/communications.html

it unpractical for the problem presented in this paper, Wié “http://staff.science.uva.nl/~aloi

quires speed for on-line operation. Shttp://www.vision.caltech.edu/Image_Datasets/

In general, image categorization relies on combinations of

eg.l. Supermarket Produce data set




Watermelon (192), Honeydew Melon (145), Nectarine (247), [F
Williams Pear (159), and Diamond Peach (211); totalizing |
2,633 images. Figure 1 depicts some of the classes of the dat:
set. ok

- )
6‘% ‘
r, " Figure 3: Pose dierences. Cashew category.
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(a) Plum (b) Cashew (c) Kiwi (d) Fu1| Apple q
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(e) Melon (f) Nectarine (g) Pear (h) Peach

ﬁ Figure 4: Variability on the number of elements. Plum catggo

3.2. Image descriptors
‘ ; In this section, we describe statistical color, textureg an
structural appearance descriptors (bag-of-featuresjderdo
propose a system to solve a multi-class fruieggetables cate-
gorization problem.

B

(i) Watermelon  (j) Agata Potato (k) Orange () Taiti Lime

Figure 1:Supermarket Producdata set. 3.2.1. Global Color Histogram (GCH)
The simplest approach to encode the information present in

All of the images were stored in RGB color-space at 8 bits pean image is the Global Color Histogram (GCH) (Gonzalez and
channel. The images were gathered at various times of the ddyoods, 2007). A GCH is a set of ordered values, one for each
and in diferent days for the same category. These features irdistinct color, representing the probability of a pixel fogiof
crease the data set variability and represent a more iealig-  that color. Uniform quantization and normalization aredise
nario. Figure 2 shows an example of Kiwi and Granny-Smithto reduce the number of distinct colors and to avoid scaling
Apple categories with dierent lighting. The dferences are bias (Gonzalez and Woods, 2007). This paper uses a 64-d GCH
due to illumination, no image pre-processing was performed feature vector, which means a histogram with 64 bins (feajur

3.2.2. Unser’s descriptors
Unser (1986) has shown that the sum anftedénce of two
random variables with same variances are de-correlatedexnd
i J fine the principal axes of their associated joint probapilinc-

(a) Kiwi Category. tion. Hence, the author introduces swrand diferenced his-
tograms as an alternative to the usual co-occurrence restric
for image texture description.

The non-normalized sum andfiirence associated with a
relative displacementy, 6,) for an imagd, are defined as

(b) Granny-Smith Apple Category. Sai = Mkl + lkaop ey (N

Figure 2: lllumination diferences within categories. At = et = lersyies,- 2)
The sum and dierence histograms over the domBiare de-
fined similarly to the spatial level co-occurrence or degsroe
TheSupermarket Produatata set also comprisedidirences matrix definition:
in pose and in the number of elements within an image. Fig- . g .
ure 3 shows examples of the Cashew category. Note that there hS(_I 01,02) hS(f) Cardi(k 1) € D, s = I_}’ 3)
are variations in the pose of the Cashew’s plastic repgsitor ha(J; 61, 62) = ha(j) Cardi(k.1) € D,dai = j}. (4
addition, Figure 4 shows the variability in the number of-ele In addition to the histogramsl as Table 1 shows, the method
ments within an image. uses some associated global measures: macdntrast Cy,),
Sometimes, the elements are inside a plastic bag which add#®mogeneityiiy), energy En), variance ¢2), correlation C;),
specular reflections to the analyzed image. Furthermoee, thand entropyff,)) over the histograms.
presence of shadows (e.g., second and third images of Fig- This paper uses a 32-d Unser feature vector (histogram with
ure 2(a)) and croppirigcclusions (e.g., Figure 5) makes the 32 bins), calculated in the grayscale representation ofrthe
data set more realistic. ages.



point detector, for instance, can be used to find the cootetna
of interest points, together with orientation and scale.c®n
found, a square region around the point is extracted. Tharsqu
side is proportional to the scale and the orientation fodloat
of the feature point. Once extracted, all patches are része

@

Figure 5: Examples of cropping and partial occlusion.

13x 13 pixels.

All patches in the training set are clustered using K-means.
Mean w= %> ihgi] The cluster centers are used as a part dictionary. The found
Contrast [oR =22' i2hg[ ] centroids can be seen on Figure 6.
Homogeneity — Hg = ==hal]] This paper uses two flierent schemes for values of the com-
Energy E, = Zﬁ heli]? 2 hal j]2 ponents of the feature vectors. In the first one, the value for
Variance o2 = % (Zi (i — 2u)2hd[i] + 5, jzhd[j]) each component is equal to tht_a dlstanc_:e be_tween the <_j|t>]|0na

. 7 _ i X : partd; and the closest patch; in the given image, as in the
Correlation C =3 (Zi (i — 2u)*hdfi] - 3 thd[J]) equation
Entropy Hn = — %% he[i]log (hs[i]) — 3% halj]10g (ha[ j1) pi - o
fi = min ——. (5)
Table 1: Histogram-associated global measures. ] ||pj||||di||

In the second scheme, the value for the componentis equal to 1
if this part is the closest one for some patch of the input iepag

3.2.3. Color Coherence Vectors (CCVs) and itis O otherwise

Pass et al. (1997) presented an approach to compare images
based on color coherence vectors. They define color coherenc ~ 1 ifi= argmiq#’lﬁ‘jiII for somej 6
as the degree to which pixels of that color are members of a = 0 otherwisle. (6)

large region with homogeneous color. They refer to these sig
nificant regions as coherent regions. Coherent pixels atte pa
of some sizable contiguous region, while incoherent pigets
not.

In order to compute the CCVs, the method blurs and dis-
cretizes the image’s color-space to eliminate small viariat
between neighboring pixels. Then, it finds the connected-com
ponents in the image in order to classify the pixels within an
given color bucket as either coherent or incoherent.

After classifying the image pixels, CCV computes two color
histograms: one for coherent pixels and another for incaiter
pixels. The two histograms are stored as a single histogram

This paper uses a 64-d CCV feature vector, which means two L-. -“ l .u
32-bin histograms. -m! -
3.2.4. Bordefnterior (BIC) “m l-

Stehling et al. (2002) presented the bofuheerior pixel clas-

sification (BIC), a compact approach to describe images. BIC
relies on the RGB color-space uniformly quantizedivik4 = Figure 6: Dictionary of parts (partial), clustered usingri€ans.
64 colors. After the quantization, the image pixels aresifes
asborderor interior. A pixel is classified asterior if its 4-
neighbors (top, bottom, left, and right) have the same dzeaht
color. Otherwise, it is classified &®rder. 3.3. Supervised learning techniques
After the image pixels are classified, two color histograms
are computed: one for border pixels and another for interior Supervised learning is a machine learning approach that aim
pixels. The two histograms are stored as a single 128-dimens to estimate a classification functidnfrom atraining data set

When convenient, the name of the algorithm iffixed with

the size of the used feature vector. For instance, K-Me&ns-9
refers to the use of K-Means algorithm on a code-book (featur
space) of 98 dimensions.

The vocabulary of parts uses some images fromStiger-
market Producelata set in the vocabulary creation stage. The
images used for the vocabulary generation are excluded from

the data set in the posterior trainjtesting tasks.

vector. The commonest output of the functidnis a label (class indi-
cator) of the input object under analysis. The learning task
3.2.5. Appearance descriptors to predict the function outcome of any valid input objeceaft

Agarwal et al. (2004) and Jurie and Triggs (2005) have prohaving seen a slicient number of training examples.
posed to describe local appearance using a vocabularytst par In the literature, there are manyfidirent approaches for su-
In such cases, images are converted to grayscale to locapervised learning such as Linear Discriminant AnalysisA)LD
interest points and patches are extracted from the gragi@gt ~ Support Vector Machines (SVMs), Classification Trees, ldeur
nitude image or the original grayscale image. Lowe’s featur Networks (NNs), and Ensembles of Classifiers (Bishop, 2006)

4



3.4. Background subtraction HSV color channel. After segmentation, all the features are

For a real application in a supermarket, it might be necgssarc@lculated within the object region defined by the masks.
to cope with illumination variations, sensor capturingfacts,
specular reflections, background clutter, shading, andshs
Therefore, in order to reduce the scene complexity, it might

interesting to perform background subtraction and focubén This section shows the motivation and design of the feature

ObJPTCtS descnp.tlon. . and classifier fusion introduced in this paper.
Figure 7 depicts results for some segmentation approaches

considered in this paper. Otsu background algorithm (Ots
1979) is the fastest tested approach requiring only 0.3rskco
to segment an input image of 643180 pixels. Meanshift (Co- When copping with complex multi-class categorization prob
maniciu and Meer, 2002) provides a good image segmentatidems, such as the produce classification in this paper, itihig
within 1.5 seconds in average but requires the correct@uofin  necessary to use severafdrent features to capture the classes’
parameters for dlierent image classes. Normalized cuts (Shivariability and nuances. Therefordfieient and &ective fea-

and Malik, 2000) approach produces good results but, as ture fusion policies need to be deployed.

needs to calculate the eigenvectors of the image, it respife In spite of the fact that feature-level combination is not
seconds to perform the segmentation, even for a reduced imstraightforward for multi-class problems, for binary pierins

age (128x 96 pixels). Therefore, this paper also introduces ahis is a simple task. In such scenario, it is possible to domb
background extraction procedure, summarized in Algorithm different classifiers and features by using classic rules such as
which produces acceptable results in less than a second andaind, or, max, sum, ormin (Bishop, 2006). For multi-class prob-
illustrated in Figure 7(e). lems, this is more diicult given that one feature might point
out to an outcome class and another feature might result the
outcome clas€;, and even another one could resdjt With
many diferent resulting classes for the same input example, it
becomes diicult to define a consistent policy to combine the

< selected features.

(a) Original. (b) Otsu. (c) Meanshift. One approach sometimes used is to combine the feature vec-
tors for diferent features into a single and big feature vector.
Although quite &ective for some problems, this approach can
also yield unexpected classification results when not ptgpe
preprocessed. First, in order to create the combined featur
vector, one needs to tackle theffdrent nature of each fea-
ture. Some can be well conditioned such as continuous and
bounded variables, others can be ill-conditioned for tlois1€
bination such as categorical ones. In addition, some asab
can be continuous and unbounded. To put everything together
one needs a well-suited normalization. However, this nbrma

4. Feature and classifier fusion

u o
4.1. Motivation

L

(d) Norm. Cuts. (e) K-Means.

Figure 7: Background subtraction results for foufefient approaches.

Algorithm 1 Background subtraction based on K-Means ization is not always possible or sometimes leads to uralglsir
Require: Inputimagel stored in HSV: properties in the new generated feature vector such aslgqual
1: lgown < Down-sample the image to 25% of its original size using Weighting all the feature cdicients, a property that in general

simple linear interpolation. it is not wanted.
2: Get theS channel oflgeyn and consider it as an 1-d vectdrof When combining feature vectors this way, eventually it is
pixel intensities. necessary to cope with the curse of dimensionality. With the
3: PerformDy, < K-Meansy/, k=2) addition of new features, there is an increase in the numier o

4 Map M « Dyin back to image space. For that just do a linear scangimensions which then might require more training data.

_ ‘;;Dbi”'u e th ted bi mlchack to the input Finally, if one feature needs to be added, it is necessamlrto r
> imuz;g:sizpe-samp € the generated binary midpback to the inpu design the normalization in order to deal with all the afoeem

tioned problems. The following section introduces a sinapie
effective solution for feature and classifier fusion that adskes
most of the previously discussed concerns.

6: Close small holes oM, using theClosingmorphological opera-
tor with a disk structuring element of radius 7 pixels.

We have found that, for the produce classification problem,
the best channel to perform the background subtractioreis th
S channel of HSV-stored images. This is understandable given The objective here is to combine a set of features and the
that theS channel is much less sensitive to lighting variationsmost appropriate classifier for each one in order to imprbee t
than any of the RGB color channels (Gonzalez and Woodsyverall classification accuracy. To avoid the inherent fEols
2007). All approaches discussed here were implementeein thof proper normalization and curse of dimensionality, we db n

5
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create a big feature vector combining the selected featBres #lsla =0
thermore, doing that we would only perform feature fusiod an A @

we would still be limited in doing the classifier fusion. & & @@

This paper tackles the multi-class problem as a set of bi
nary problems. For that, we defineciéass binarizationas

Input example

a mapping of a multi-class problem onto two-class problem: “- >

(divide-and-conquer) and the subsequent combinationeaf th i +! ! + 2l tl il
outcomes to derive the multi-class prediction. We refeht t """"" . A @ A @ B
binary classifiers abase learnersClass binarization has been T N o 2 e <]
used in the literature to extend naturally binary classifigr ------ . éﬁ @ AQ ‘ 5,

multi-class and Support Vector Machine (SVM) is one exam- @ -
ple of this (Dietterich and Bakiri, 1996; Anand et al., 1995; | +I | +l | 5 i!
Narasimhamurthy, 2005). To our knowledge, this approachwa | A . A . . .
not used before for classifier and feature fusion. i 1 #ld 1 0 91 il
In order to understand the class binarization, consideyato ... 4, @ A
problem with 3 classes. In this case, a simple binarizatm ¢ vl il

. . . 1 | I
sists in training three base learners, each one for twoedass : +:
this sense, we nedf) = O(N?) binary classifiers, wherd is § v
the number of classes. S— s || Bt p\esuh”*:'"é

Thei ™ binary classifier uses the patterns of cliess positive
and the patterns of clagsas negative examples. To obtain the
final outcome, it is enough to calculate the minimum distance
of the generated vector (binary outcomes) to the binangpatt
(ID) representing each class.

Consider again a toy example with three classes as depictégX O considering shape, texture, and color features respectiv-
in Figure 8. This example contains the class&sanglesa,  €lly. Majority voting can be used to select one resporseif
CirclesO, andSquares]. j[his case, om)._ Then we repeat the procedu.re and test if the

To solve this toy problem, we train some binary classifiersNPUt example is a triangle or a square, again for each one of
differentiating two classes at a time, suchasO, o x [, and  the considered features. _

O x [. Each class receives a unique identifier as Table 2 shows. Finally, after performing the last test, we end up with a vec-
In this table, each column represents th@edentiation of two tor. Then we calculate the minimum distance from this vector
classes at a time. To populate the table is straightforviirst, {0 €ach one of the class unique IDs. In this example, the final
we perform the binary comparisanx O and tag the class ~ answer is given by the minimum distance of

with the outcomer1, the clasg) with —1 and set the remaining N

entries in that column to 0. Thereafter, we repeat the prareed mindist(1, 1,-1), {(1,1,0),¢-1,0,1,<0,. -1, -1} (7)
comparinga x U, tag the classs with +1, the clasd] with One aspect of this approach is that it requires more storage
-1, and the remaining entries in that column with 0. We re-gjven that once the binary classifiers are trained theirmpara
peat this procedure for each combination of two classedidn t ters need to be stored. With respect to running time, thexlsds
end, each row in Table 2 represents the code of that class (e.@ small increase given that more binary classifiers are mitede

A =(+1,+1,0)), where the entry 0 means a “Don’t care” value. provide an outcome. However, many classifiers employ some
sort of class binarization (e.g., SVM) and are considerst fa

Figure 8: Toy example for feature and classifier fusion.

AXO AxU OxU The majority voting for each binary classifier and the distan
A +1 +1 0 calculation to the unique class IDs are simple afictient op-
O -1 0 +1 erations.
0 0 -1 -1 Although the approach requires more storage and increase

the classification time with respect to a normal multi-claps

Table 2: Class’ IDs for the toy example in Figure 8. proach, ithas some advantages.

1. The combination of independent features gives more con-
As Figure 8 depicts, a feature that can be used to categorize fidence in the classification and it works as a simple error
elements of these classes is the shape. Texture and cofpr pro  correcting mechanism that can withstand some misclassi-

erties can be used as well. fications;

To classify an input example, for instance, a triangle-sdap 2. Well-tuned binary classifiers and features can be degloye
one, we first apply the binary classifiers to verify if the ihpx- to solve localized class confusions;
ample is a triangle or a circle based on shape, texture and col 3. Less contributing features can be easily identified. This
features. Each classifier will result a binary responses saty not straightforward with normal binding in a big feature
we obtain the outcomes+1, +1, —1) for the binary classifier vector;
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4. The addition of new classes and features only requing-trai A more complex approach such as the appearance descrip-
ing for the new binary classifiers and features; tor for this particular problem does not yield a good classifi

5. Asthere is no increase in the size of any feature vecter, thcation accuracy, as Figure 9(c) depicts. We tested three dif

approach is less prone to the curse of dimensionality. ~ ferent approaches for the appearance-based descripteg-in F
ure 9(c). Two interesting observations: (1) the approaceta

Finally, there is no requirement to combine the binary clas-on patches with no gradient orientation is the only feathes t
sifiers using all combinations of two classes at a time. Oneloes not benefit from more examples in the training; and @) th
can reduce storage requirements and speed up the classifiggproach based on patches with gradient orientation isrtee o
tion by selecting classes that are in confusion and degigninwhich benefits more with more training examples. This sug-
specific binary classifiers to separate them (Rocha and @oldegests that, with enough training, it might provide much drett
stein, 2009). The expectation in this case is that fewerriina results. Notwithstanding, the training data is limited as d
classifiers would be needed. Indeed, there is room for moreussed in Sections 1 and 4.
research in this direction. Most likely, the appearance descriptor does not providg-a si

nificant classification accuracy because the used patchastdo
represent well all the images classes under analysis. éfurth
5. Results and discussions investigation must be done in this direction to validate ulke
of appearance descriptor or any other similar model. Algfingu
previous results in literature argue that it requires lessmples
for training, it is fact that it requires lots of good repretaive
images to createffective appearance patches and accomplish

In the quest for finding the best classification procedures an
features for produce categorization, this paper analyzesral
appearance-, color-, texture-, and shape-based imageesc X
tors as well as diverse machine learning techniques such &&¢h claims. _ o
Support Vector Machine (SVM), Linear Discriminant Analy-  1tis hard to solve a multi-class problem using just one featu
sis (LDA), Classification Trees, K-Nearest Neighbors (KINN de_scrlptor. As t.h(_e classmer results f(_)ﬂ“érent. fea.tures can be
and Ensembles of Trees and LDA (Bishop, 2006). All the ex_qune.q&erent, it is possmle that th_elr combination, with each
periments hereafter are made on real data (Section 3.1). cIaSS|_f|er custom-tgllored for a particular feature, magditche

In the following experiments, we select the training imageseﬁectlveness. Section 5.2 shows such results.
using sampling without replacement from the pool of each im-
age class. If we are training with 10 images per class, we use-2- Fusion results

the remaining ones for testing. We repeat this procedure 10 Thijs section presents results for the fusion approach-intro
times, and report the average classification accuratyafer-  duced in this paper (Section 4) and shows that the combined

age error¢ = 1-y), and standard deviatiorr}. We do notuse  features and classifiers boost classification results wbem ¢
the strictly 10-fold cross-validation, given that we areeiested  pared the standalone features and classifiers.

in different sizes of training sets. In each round, we report the
accuracy for the 15 classes summing the accuracy of each clag 2.1. Top one response

and dividing by the number of classes. Figure 10 shows examples of the combination of the BIC,

CCV, and Unser descriptors. This combination is intergstin
5.1. Results without fusion given that, BIC is a descriptor that analyzes color and slrape
the sense that it codifies the object’s border and interi@y C

Figures 9(a) and 9(b) show results foffdrent classifiers and codifies the color connected components and Unser accounts
the features GCH and CCV. Theaxis represents the number for the image’s textures.
of images per class in the training set andyrexis represents  Figure 10 shows that the fusion works well regardless the
the average accuracy in the testing set. classifier used. Consider the SVM classifier, with 32 example

This experiment shows that Breiman’s decision Tree does nqgder class in the training. In this case, the fusion resulizvamn-
perform very well. One possible explanation is that the dpsc  age error o = 3.0% and standard deviation of = 0.43%.
tor data is not suitable for this kind of classifier. The enslem  This is better than the best standalone feature, BIC, that is
of trees (BAGG), with 17 iterations performs better thangien e = 4.2% and standard deviation of = 0.32%. Although
decision Trees and it is more stable. the absolute dierence here seems small, it is about 3 standard

We also observe across the plots that LDA accuracy curvéeviations which means it is statistical significant. In eye,
practically become flat for more than 24 examples. An ento reduce one percentage point in the average error when the
semble of LDA (BLDA) performs random sampling across thebaseline accuracy is 95% is a hard problem.
training data and makes a better use of the provided informa- For the LDA classifier, the fusion requires at least 24 exam-
tion in such a way it can improve the classification. Therefor ples per class in the training to reduce the error. As obsdnve
the ensemble of LDA with 17 iterations performs better thanSection 5.1, LDA curves become flat with more than 24 exam-
straight LDA, Trees, or ensemble of Trees. Complementingples per class in the training and adding more training de¢s d
the simple K-Nearest Neighbors here is as good as ensemble wield better results. When combiningfidirent features, LDA
Trees. does benefit from more training and indeed results lowererro
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Figure 11 switches the BIC descriptor to a simpler one with
half of the dimensionality (64-d). The results are compker&d
the ones obtained with the fusion before. But now, the fusion
shows even more power.

Average Error (%)

For 32 training examples and LDA classifier, for instance,
the fusion reduces the classification error to about 5% whéde
best feature without any fusion results an error of 15%. With ¢
SVM classifier and 40 examples per class in the training, the
fusion (using the features GCH, Unser, and CCV) yields aner- . - - - - o - L

ror e ~ 5% while the best feature with no fusion produces an Training examples per class
error ofe ~ 9%.

N
T
!

Figure 12: Top one, and two responses for SVM classifier wisiioh.

5.2.2. Top two responses 5.2.3. Average error per class

Figure 12 portrays the results when the system is required to One important aspect when dealing with classification is the
show the top 2 responses. In this case, the system provides thverage expected accuracy per class. This informatiortoin
user the two most probable classes for a given input exampleut the classes that need more attention when solving the con
considering the dierent classifiers and features used. Usingfusions. Figure 13 depicts the average expected error fdr ea
SVM classifier and fusion of BIC, GCH, and Unser features,one of 15 classes. Clearlifuji appleis one class that needs
with 32 examples per class in the training, the average &ror particular attention. It yields the highest error when canepl
€ < 1%. to the other classes. Another class that has an interesting e
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Figure 10: Average error results for fusion of BIC, CCV, anaser features considering SVM, LDA, BLDA, and Tree baserless.

ror behavior isOnions After the error decreases when using This paper approaches the multi-class classification as a se
up to 40 training examples it becomes higher as the number aff binary problems in such a way one can assemble together di-

training examples increases. verse features and classifier approaches custom-tailo peits
of the problem. It presents a unified solution (Section 4j tha
5.2.4. Average time can combine many features and classifiers. Such technique

The average time to extract any of the features and performequires less training and performs better if compared with
classification using the introduced fusion technique is tkan  naive method, where all features are simply concatenated a
a second. However, the more examples in the training set thfed independently to each classification algorithm.
more time consuming are the combinationsin the trainingesta The results show that the introduced solution is able to re-
For instance, to train a multi-class classifier using theofus duce the classification error in up to 15 percentage poirtts wi
approach introduced in this paper, with SVM base learner, 48espect to the single features and classifiers. With the tep o
training examples per class, and the combination of theifeat responses the solution yields a classification err2% while
BIC, CCV, and Unser, it is necessary about one hour in onevith the top two responses such erroeis 1% using less than
2.1GHz machine with 2GB of RAM. 40 examples per class.

A second contribution of this paper is the introduc-
tion to the community of a complete and well-documented
fruit/vegetables image data set suitable for content-based image

Oftentimes, when tackling complex classification problemsretrieval, object recognition, and image categorizatiasks.
just one one feature descriptor is not enough to capture thé/e hope this data set will be used as a common comparison
classes’ separability. Therefordfieient and &ective feature set for researchers working in this space.
fusion policies may become necessary. Although normal fea- Although we have showed that feature and classifier fusion
ture fusion is quite #ective for some problems, it can yield can be worthwhile, it seems not to be advisable to combine
unexpected classification results when not properly namaa@l weak features with high classification errors and featuriés w
and preprocessed. Additionally, it has the drawback ofdasy  low classification errors. In this case, most likely the sgst
ing the dimensionality which might require more trainingada  will not take advantage of such combination.

9

6. Conclusions and Future Work
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Figure 13: Average error per class using fusion of the feat@&C, CCV, and Unser, for an SVM classifier.

The feature and classifier fusion based on binary base learing scenario, taking advantage of misclassified examptesa. |
ers presented in this paper represents the basic framework fsemi-supervised scenario, the initial training stage eagiin-
solving the more complex problem of determining not only theplified requiring only a few examples for each analyzed class
species of a produce but also its variety. Since it requindg o
partial training for the added features and classifiersten-
sion is straightforward. Given that the introduced soluti®
general enough to be used in other problems, we hope it will The authors thank the people at the local produce distri-
endure beyond this paper. bution center for their patience and help. Finally, this re-

Whether or not more complex approaches such a§earchwas funded by FAPESP (Award Number 208681-9,
appearance-based descriptors provides good resultefolas: ~ 0558103-3, 0752015-0, and (84443-2) and CNPq (Award
sification is still an open problem. It would be unfair to con- Number 30925/£007-8, 472402007-2, and 551002007-9).
clude they do not help in the classification given that, their
success is highly based on their patches representatiach Sureferences

approaches are computational demanding and perhaps not ad- _ o

visable in some scenarios. Ag._arwal, S.,_Awan, A., Roth, D., November 200{1. Learningetedt objects in

images via a sparse, part-based representation. TPAMI1}6X475-1490.

Further work includes the improvement of the Anand, R., Mehrotra, K. G., Mohan, C. K., Ranka, S., Janu@g51 Hficient

fruits/vegetables representative patches, and the analysis classification for multi-class problems using modular aénetworks. IEEE

f other appearance and texture image descriptors to poi TNN6 (1), 117-124.

oro PP . g . p _p rétErg, A., Berg, T., Malik, J., 2005. Shape matching and dbjecognition

out produce varieties. Furthermore, we are interestedén th  sing low distortion correspondences. In: CVPR. Vol. 1.2-33.

incorporation of spatial constraints among the local dpsmrs.  Bishop, C. M., 2006. Pattern Recognition and Machine Leggnist Edition.
" L. . Springer.
In addition, we want to create the conditions for a Seml'Bollep, R.gM., Connell, J. H., Haas, N., Mohan, R., Taubin, 1896. Veggievi-

supervised approach that would lead to a continuous learn- sion: A produce recognition system. In: WACV. Sarasota, US#A 1-8.
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