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Abstract matically generate good semantic features of an image. One com-
mon compromise is to obtain some semantic information through
Organizing images into semantic categories can be extremely use-manual annotations. Since visual data contains rich information,
ful for searching and browsing through large collections of images. and the manual annotation process is quite subjective and ambigu-
Not much work has been done on automatic image classification, ous, it is very difficult to capture the content of an image using
however. In this paper, we propose a method for hierarchical clas- words, not to mention the tedious work involved in such a process.
sification of images via supervised learning. This scheme relies I . .
on using a good low-level feature and subsequently performing 'mage Classification. One approach to this problem is to orga-
feature-space reconfiguration using singular value decompositionNiz€ the digital library in @ meaningful manner usingage classi-
to reduce noise and dimensionality. We use the training data to ob-fication Image classification is the task of classifying images into
tain a hierarchical classification tree that can be used to categorize(S€mantic) categories based on the available training data. This cat-
new images. Our experimental results suggest that this scheme nofgrization of images into classes can be helpful both in semantic
only performs better than standard nearest-neighbor techniques, puPrganizations of digital libraries and in obtaining automatic anno-

also has both storage and computational advantages. tations of images. ) o _
The classification of natural imagery is quite hard in general,

. for, real images from the same semantic class may have large vari-
1 Introduction ations (see Figure 1)and images from different semantic classes
. ) . . might share a common background (such as images from “clouds”
The prollf_eratlon of _the world-wide _vveb has given easy access t0 gnd “aviation”, images from “waves” and “dolphins and whales” in
an explosively growing volume of visual data. Unfortunately, this  rigre 1). These issues limit the applicability of object-based and
data on the web is both scattered and unorganized, making Searcrknowledge-based approaches.
and retrieval of information difficult. Large digital libraries, which A common approach to image classification involves address-
are built by coIIec_tlng resources fr_om different locations [20, 18], ing the following three issues: (i) image features — how to repre-
can make searching relatively easier. Users, however, are not onlysent the image, (ii) organization of feature data — how to organize
interested in searching for specm_c images or wdeq shots. They ihe data, and (iii) classifier — how to classify an image. Acquiring
would also like to browse and navigate through the image corpus. «njce” image features and carefully modeling the feature data are
Such requirements have created great demands for effective angiq steps in this approach.
flexible systems to manage digital images/videos (e.g., [5, 8,9, 1, ag noted before, image classification can lead to a semantic
13,7, 16)). . organization of a digital database. Though this type of organi-
Almost all of the above systems generate low-level image fea- zation can be done in several ways, a hierarchical approach has
tures su_ch as col_or,_ texture, shape, motion, etc., for image indexing miti-fold advantages: (i) easy browsing and navigation through
and retrieval. This is partly because low-level features (e.g., color e gatabase, (i) efficient retrieval, and (iii) ergonomically friendly
histograms, texture patterns) can be computed automatically andpresentation of the database. For instance, WebSEEK, a web image
efficiently. The semantics of images, with which users prefer most gearch engine [4], uses hierarchical semantic structure for collect-
of their interaction, however, are _seldom captured by low-level fea- ing and searching images from the web. The image categories and
tures. On the other hand, there is no effective method yet to auto- yigrarchies are preset by human design. An image is classified into
“Supported by DARPA under contract DAALO1-97-K-0104, monitored by ONR.  ON€ Of the classes by first extracting key words from its html tag
E-mail: huang@cs.cornell.edu and then mapping the key words to classes. This approach requires
fSupported by the ONR Young Investigator Award N00014-93-1-0590, the human assistance and depends on the information in the html tag,

NSF grant DMI-91157199, and the career grant CCR-9624552. E-mail: \which may be insufficient or even inaccurate and misleading.
ravi@cs.cornell.edu

*S_upported by DARPA under contract DAAL01-97-K-0104, monitored by ONR.  Qur Approach. In this paper, we propose a new scheme for au-
E-mail: rdz@cs.comell.edu tomatic hierarchical image classification. We assume a training set
of images with known class labels is available. We use an easy-to-
compute low-level feature — banded color correlograms — which
seems to be effective and efficient for content-based image retrieval
[12]. Using banded color correlograms for the training images,
we model the feature data usiempgular value decompositidi0]

L The color versions are available at http://www.cs.cornell.edu/home/huang.



and construct &lassification tree Once the classification tree is  divided into horizontal (or vertical) segments and each segment is
obtained, any new image can be classified easily. Our recursivefurther divided into blocks. Vector quantization techniques is ap-
method for constructing the classification tree is summarized be- plied to model the color histograms of blocks. These color features
low. are used to train HMM's for a preset standard set of clusters, such
At each level of the classification tree, we aim to choose the as a cluster of sky, tree, river, a cluster of sky, tree, grass, etc. Maxi-
best modeling of the training data. We first eliminate the “noise” mum likelihood classifier is then used to classify an image as indoor
(or irrelevant variations) from the feature vectors using singular or outdoor. The overall results of classification depend on the stan-
value decomposition (or two-mode factor analysis). This step not dard set of clusters which describe the indoor scene and outdoor
only reduces the dimensionality of the feature vectors but also rear- scene. Generally, it is difficult to enumerate a set to cover a general
ranges the feature space to reflect the major correlation patterns incase such as indoor/outdoor.
the data and ignores the smaller, less important varigtiddsing The configural recognitionrscheme proposed by Lipset. al.
this noise-tolerant SVD representation, we next classify each image[14] is also a knowledge-based scene classification method. A
in the training data using the nearest-neighbor algorithm with the model template, which encodes the common global scene configu-
first neighbor (which is the image itself) dropped (this is similar to ration structure using qualitative measurements, is hand-crafted for
leave-one-out cross-validation scheme). Based on the performancesach category. An image is then classified to the category whose
of this classification, we then partition the set of classes into two model template that best matches the image by deformable tem-
subclasses such that the intra-subclass association is maximizeglate matching (which requires heavy computation, despite that the
while simultaneously the inter-subclass disassociation is minimized.images are subsampled to low resolutions) — the nearest neighbor
This is accomplished usingormalized cut$19]. Finally, the sub- classification. The average percentage of correct classificatién on
classes and those training images that were correctly classified withclasses of scenery (snowy mountains, snowy mountains with lakes,
respect to the subclasses are worked upon recursively to obtain a hifields, and waterfalls) is abo6ét.. To avoid the drawbacks of man-
erarchical classification tree, with the hope of improving the clas- ual templates, a learning scheme that automatically construct scene
sification performance. templates from a few examples is proposed by [17]. The learning
Notice that a different SVD representation is used at each level scheme was tested on two scene classes and suggested promising
of the tree. This flexibility in our method gives us the freedom to results.
choose the size of the SVD representation as demanded by each Carsonet. al. [3] propose a new representation for images.
level, which in turn is dictated by the characteristics of classes in- Each image is thought to consist of sevédsalbs each blob is co-
volved. herent in color and texture spdceAll the blobs in the training
We test our method ohl fairly representative classes of Corel data of14 image categories are clustered into abt&a “canoni-
images. These eleven image classes are: aviation photographycal” blobs using Gaussian models with diagonal covariance. Each
British motor car collection, Canadian Rockies, cats and kittens, image is then assigned a score vector which measures the nearest
clouds, dolphins and whales, flowers, night scenes, spectacular wadistance of each canonical blob to the image. These score vectors
terfalls, sunsets around the world, and waves. These images contairare used to train a decision-tree classifier. The results of this method
a wide range of content (scenery, animals, objects, etc.) and colors.are compared to color histograms with the decision-tree classifier.
We test our scheme using banded color correlograms and color  Interestingly, the color histograms seem to perform better than
histograms as features and compare our method to the nearestblobs. Several explanations were given for this performance degra-
neighbors directly applied to both color features. Our results sug- dation: (i) the clustering procedure did a bad job on choosing canon-
gest that this hierarchical scheme is able to perform consistently ical blobs and the canonical blobs were not interesting enough to
better than the already effective nearest-neighbor algorithm (seedistinguish categories; (ii) the trained decision-tree focused too much
[3]). The classification tree we obtain also conforms with the se- on irrelevant blobs which did not help in classification; and (iii) the
mantic content of thé1 classes. Our results also suggest that cor- 14 categories have large amount of overlapping which cause the
relograms have morkatent semantistructures (than histograms)  difficulties, such as fields appear in the categories “fields”, “horses”,
that can be extracted by SVD procedure. and “elephants”.

Organization. The rest of the paper is organized as follows: Sec-

tion 2 briefly describes the previous work in automatic image clas- 3 Banded Color Correlograms

sification. Section 3 contains a brief description of the banded color ) ) . .

correlogram we use in our experiments; Section 4 outlines how Inth_ls section, we briefly review the banded color correlograms we
to use singular value decomposition to model feature vectors; andUS€ In our experiments. S
Section 5 describes our hierarchical classification method. Section |f we treat the color histogram as a probability distribution of

6 contains our experimental results and Section 7 concludes ourclors in an image, we ask the following question: pick any pixel
discussions. p1 of in the imageZ, at distancé: away fromp; pick another pixel

p2, What is the probability thap. has the same color as? The
answer gives us the conditional probability distribution that depicts
the spatial correlation between same color pixels. The color correl-
ogram describes how this spatial correlation of colors changes with
distances. We give the formal definitions below.

Let I be ann; x np image. The colors il are quantized
into m colorscy,. ..,cm. FOrapixelp = (z,y) € I, let I(p)

2 Related Work

Since classification itself is a long-studied research area, differ-
ent classifiers can be tried on image classification (&-gearest
neighbor, decision trees, Bayesian nets, maximum likelihood anal-
ysis, linear discriminant analysis, neural networks, etc.). Not much ] A i
work has been done on how to represent images (i.e., features) andlenote its color. Lef. = {p | I(p) = c}. Thus, the notation
how to organize features. In the following, we review some previ- P € Ic is synonymous witlp € I, I(p) = c. For convenience,
ous work in image classification. we use thel.-norm to measure the distance between pixels, i.e.,
Yu and Wolf present a one-dimensiordidden Markov Model for pixelspr = (x1,y1),p2 = (x2,y2), we define|p; — p2| e
(HMM) for indoor/outdoor scene classification. An image is first max{|z1 —z2|, |y1 —y=|}. We denote the sdtl, 2, ..., n} by[n].
The size off is denotedI| = nino.

23VD has been successfully used in latent semantic indexing for document retrieval
[6]. 3This is one kind of color and texture based image segmentation method.




Histogram. Thecolor histogram(henceforth histogran) of I is
defined fori € [m] by

A
he; (I) = plzl}[p € Ici]'

he; (I) thus gives for any pixel i, the probability that the color

of the pixel isc;. Given the count.,, (I) 2 {p|pel;} it
follows thath.; (I) = Hc, (I)/(nin2).

Autocorrelogram. Let adistance setD be fixeda priori (e.g.,
D C [min{n1, n2}]). Letd = |D|. Then, theautocorrelogramof
I is defined fori € [m],k € D as

(1)

(k)

A
o, =

P o I.. ol = k
PIEIcir,szI[pz € Le; | [pr = p2| = K]
|{p17p2 S Ici | |p1 _p2| — k}|

Given any pixelp of color ¢; in the imageaf;f) gives the proba-

bility that a pixel at a distanck from the given pixel has the same
color ofp. (The facto8k is due to the properties d@f.,-norm used

then, Ay, is the best rank approximation ta4, i.e.,

min |A—B|2=|A—Ak|2:0'k+1.
rank(B)=k

This property of the SVD helps to obtain a good trade-off between
the quality of approximation and the size of the approximation (i.e.,
k). (To computed,,, we use the Matlab built-in functiosvd .)

The advantages of SVD are nicely exploitedatent seman-
tic indexing(LSI) for document retrieval [6]. The SVD, in some
sense, derives the underlying structure that is hiddeA.inThe
approximationA; can be thought of dampening the “noise” and
unreliability that is present in the original matrik When SVD is
applied to feature vectors, it not only eliminate the “noise” in the
feature vectors, but also reduce the dimension of the feature when
k< m.

We outline our approach of using SVD with correlograms. Let

Z = {I,...,I,} denote the set of training images andsdetbe

the number of color quantizations. We define the matrix (Z) 2

Be; (I;). We compute the SVD ofi(Z) to be A(Z) = UDVT. Let
Ay = Up S Vi, be an approximation tel. We can choos&/

to compute distance between pixels.) Note that the size of the au-2s the basis for the neldimensional feature space. Thep, is

tocorrelogram isnd. Since local correlations between colors are

the new representation for the correlograms in this reduced feature

more significant than global correlations in an image, a small value SPace. When we have a new image that needs to be classified, we

of d is sufficient to capture the spatial correlation.
We now define thdanded autocorrelograrto be

k
al (k)
/801'(]) - E kz aci (I)
0! —1

This measure computes the locknsityof color ¢;’s correlation
with itself, thus suggesting one kind of a local structure of colors.
Note that the size of banded autocorrelogramjs.e., the same as
that of histogram. We us@(7) denote the banded autocorrelogram
of I, treated as vectors in an-dimensional space.

We will use theL, (or the city-block) distance measure for
comparing histograms and banded autocorrelograms because it

simple and robust. For simplicity, we will address banded autocor-

relograms merely as correlograms for the remainder of the paper.

4 Singular Value Decomposition

In this section, we briefly review the singular value decomposition
that we use for organizing image feature vectors.

Without loss of generality, letn > n. For anm x n matrix
A, thesingular value decompositicsf A is given byA = USV”
(see [10]), where

(i) Uisanm x n matrix,X,V aren x n matrices;
(i) U,V are column orthonormal i.elJTU = VTV = I,,; and

(i) ¥ = diag(o1,...,0.,0,...,0) wherer = rank(A) and
thesingular valuesares; > o3... > o, > 0.

The firstr columns ofUU andV together with the non-zero sin-
gular values actually are the eigenvectors and-then-zero eigen-
values ofAAT and AT A respectively. Several efficient algorithms
exist to compute the SVD of a matrix, especially if the matrix is
known to be sparse.

The SVD of a matrix can be used to obtain lower rank approx-
imations of the matrix. If we take the firét columns ofU, V'
(denotedUj,, Vi) and the leading x k submatrix of: (denoted
Y1), and define

k
Ay S UpyS Vi) = Z Ui Vi’
i=1

first compute its correlogramg, then projectg onto the reduced
feature space by computing

q/ :q'U[k] . E[’k]l

Now, the question is: how to choogefor the approximation? We
use the following heuristic to pick the Note that we want to find
the best approximatiod . such that the SVD representation of cor-
relograms give the best classification results using nearest-neighbor
rule. Instead we compute the classification for eldietween the
number of classes (i.ez) to an upper limitt* and choose the best
k in this range. Now, we show how to chooke Notice that the
. singular values ofi correspond to the eigenvalues4f”, which
'$s the correlation matrix of local color density for the training im-
ages. We sét™ be thek™-th biggest eigenvalue that is withx¥% of
the maximum eigenvalue, i.e., we ignore those correlations whose
values are less tha¥ of the maximum correlatich
Note that in the above SVD method, histograms can be used in-
stead of correlograms. We will see (Section 6) that the performance
with correlograms is much better than with histograms.

5 The Hierarchical Classification Scheme

Image classificatiois the problem of classifying images into known
semantic classes. L& = {Ci,...,C.} be the image classes
knowna priori. We assume that we have a Setf training images
whose class membership is known &ndf images that need to

be classified. We want build a classification tree from training im-
ages. At each level of the classification tree, we aim to choose the
best modeling of the training data. We first use SVD to eliminate
“noise” from the training data as described in Section 4. We then
classify each image in the training data using the nearest-neighbor
algorithm with the first neighbor dropped (similar to the leave-one-
out cross-validation scheme). Based on the performance of this
classification, we then split the classes into two subclasses such
that the intra-subclass association is maximized while simultane-
ously the inter-subclass disassociation is minimized. This is ac-
complished usingormalized cut$19]. Finally, the subclasses and
those training images that were correctly classified with respect to
the subclasses are worked upon recursively to obtain the hierarchy

4There is no good heuristic for choosikg The rule of thumb is finding thé that
gives the best performance [2].



in the classification tree, with the hope of improving the classifica- 5.3 Classification Tree

ion performance. . . . I
tion perfo Using the normalized cuts, we can build the classification tree re-

] ] cursively. Given the original set of classgswve compute the parti-
5.1  Confusion Matrix tionC = C; U C» based on normalized cuts. We defie= {I €
! !
We construct the matrid(S) as indicated in Section 4 and com- S | €'(I) € CiandC(I) € i} andS, = {I € § | C'(I) €

pute its SVD:A(S) = USVT. Then we choose the best approx- C.andC(I) € Cz}. Inthis way, the images that are misclassified
imation A, that gives the best classification §fon itself. The acrosss; andsS: are not considered from now on. We then recur-

details are the following. :glteg; (\;\llgglégg classifyingS: (resp.S-2) with C; (resp.Cs) as the
For an imagel € S, andC(I) be the class of, let 3, (I) > . o . -
denote thek-dimensional reduced SVD representation/of We The algorithm is described in its entirety in Figure 2.

consider eacf € S as a query and obtain the cla85(I) where
5.4 Trimming

A .
c'(1) = C(argJerfsl{I}I}{|ﬂk(I) = Be(N)IH)- Sometimes, the performance of the classification on the training
data does not always improve level by level using reduced SVD

In other wordsC’ (I) is the class assigned by the nearest neighbor representations. This is because some variations that are important

classification when all images other thAitself is considered. In-  t0 @ set of classes may be removed by the SVD reduction. In this
tuitively, this procedure helps to find the best association patterns ¢ase, it does not pay-off to recursively split such classes. Notice
between classes from SVD. that this scenario can be detected automatically by comparing the
Now, thec x ¢ confusion matrix}/ is then defined by performance of the tree before and after trimming on the training
set. More precisely, we perform a trimming procedure on the tree

M; ; =size of{I| C(I) = C;,C'(I) = C;} we obtain from the algorithm in the following manner: if the clas-

sification correctness of a node in the tree is higher than that of its
The diagonal entries a¥/ are the number of images that are cor- two children, then we trim both the children; otherwise we keep the
rectly classified, while the off-diagonal entries are the misclassifi- child with the higher correctness than the node itself and trim the
cations. The average percentage of correct classification is just theother child. For instance, Figure 3 shows a classification tree (cor-
sum of the diagonal entriesrice (M)) divided by the size of. responding to our sample set) with the trimmed portions marked.

5.2 Normalized Cuts 6 Experiments and Results

We now show how to partition the confusion matfiXx on basis
of maximizing the inter-class association and minimizing the intra-
class disassociation simultaneously. First, we review some basicwe choosel1 image classes from Corel collections: aviation pho-

6.1 Experiments

definitions from graph theory. tography, British motor car collection, Canadian Rockies, cats and
Given a weighted grapliy = (V, E) with w(u,v) being the kittens, clouds, dolphins and whales, flowers, night scenes, spectac-
weight of an edgéu, v), themincutis defined to be a partition of  ular waterfalls, sunsets around the world, and waves (for some sam-
V = V1 U V4 such that ples, see Figure 1). These images contain a wide range of content
A (scenery, animals, objects, etc.), colors, and lighting conditions.
cuty (V1,V2) = Z w(u,v) We delete some images in each class which are not consistent with

(us0)EVI X Vs the rest of the class (as in [3]) and lead@images in each class.
Since we use the nearest-neighbor rule with the classification tree,
is minimized. Mincuts can be computed in polynomial time using we want to make sure that the color distributions of training images
network flow techniques. and test images are more or less the same. Therefore, we randomly
The confusion matrix\/ defines a natural directed graph. The shuffle the images in each class and takkémages as the training
mincut in this graph corresponds to a partition of the classes into set and the rest0 images as the test set. By doing so three times
M, and M- such that the number of misclassification among these (to ensure fairness), we obtairsets of training data and test data.

classes is minimized. A partition dff according to the mincut, To compute color histograms and color correlograms, we quan-
however sometime favors cutting small sets [22], i.e., orlé 0t tize the RGB color space in® x 8 x 8 = 512 colors 8 bits for

is very small. This problem is considered in [19] whamrmalized each color channél) This level of quantization is good enough for
cutsare introduced. the SVD to extract the underlying structure, while not being too big

Formally, the normalized cut is given by the best partition of (unlike 6912 colors used in [3]) so as to affect efficiency.
V = V1 U V4 that minimizes

1 1
cute (Vi V) | cuty (Va, V)

) 6.2 Results

A
neuty (Vi, 2) = cutuw (V1, V2) ( We test both color correlograms and color histograms on the hier-

archical classification approach and compare the hierarchical ap-
The partition based on normalized cut is shown to have the prop- proach with the nearest-neighbor classification. The three classifi-
erty that is minimizes the disassociation between the groups andcation trees from three training sets are more or less the same and
maximizes the association within the group. are consistent with the color content of the classes. We only
Define the diagonal matrix{; ; = Zj M; ;. Normalized cuts present the tree from the first data set (Figure 3). For the sake of
can be computed reasonably well and efficiently by computing the simplicity, we abbreviate names for the 11 classes: aviation (A1),

second smallest eigenvalue of the system definedby- M’ )z = British motors (B1), Canadian Rockies (C1), cats and kittens (C2),
AM'z and using some additional heuristics. The details can be clouds (C3), dolphins and whales (D1), flowers (F1), night scenes
looked up in [19]. (N1), spectacular waterfalls (S1), sunsets around the world (S2),

We use normalized cuts to partitidld into M; and M, in

. L. . 5We also tried the HSV color space. The results don’t change much.
effect obtaining a partition of the class@énto C; andCs. P g



and waves (W1). From the classification tree, we see that A1 and

C3 share the same parent because of the same sky background; sim-

ilarly, W1, S1, and D1 are grouped together because of the same
water background.

The confusion matrices for different methods are shown in Ta-
ble 1, Table 2, and Table 3. The classification behavior of the
classification tree is quite different from the nearest-neighbor. The
classification tree is better than the nearest-neighbor in that: (i) the
overall number of misclassification between classes is smaller and
(ii) the overall number of correct classification is larger.

The average percentage of correctness of the three test sets is
summarized in Table 4. The results show that the hierarchical
method is consistently better than the nearest-neighbor classifica-
tion, and the color correlogram is consistently better than the color
histogram.

Using the simple nearest-neighbor classification, the correlo-
gram performs3% better than the histogram; using the classifica-
tion tree, the correlogram perforras% better than the histogram.
Using the classification tree, the correlogram impr&f&sover the
nearest-neighbor; it improve$s over the nearest-neighbor on the
histogram. Note that the average data size of the SVD represen-
tations is about 5, 3% of the original size. The average number
of non-leaf nodes in the classification trees is five after trimming.
Therefore the computation and storage of the data for the classifi-
cation saves abo%, which is significant.

Remark. We notice from the results that the color histogram
performs consistently worse with the classification tree than with
the nearest-neighbor, while the color correlogram performs con-

sistently better with the classification tree than with the nearest- 1)

neighbor. This suggests that correlograms have an underlying “la-
tent semantic” structure (local color density). Color histograms do
not seem to have such a property.

Nearest-Neighbor | Classification Tree (Trim

1 2 3 1 2 3
Hist | 0.786 0.746 0.786 0.696 0.677 0.668
Corr | 0.818 0.800 0.784 0.850 0.805 0.823

Table 4: Correctness classification on three data sets.

7 Conclusions and Future Work

[15]

We propose using the singular value decomposition with banded
color correlogram to extract a “latent semantic” structure of images
for classification into categories. Our tests bhimage classes

show that our method using this scheme and a classification treel16]

not only performs better than the nearest-neighbor classification but
also saves much computation and data storage. In addition, the
results also suggest that the correlogram is more suitable for the
image classification task that the color histogram.

It will be interesting to usdeature weightingechniques [21]
to further assist SVD to get latent semantic structures from training
data.

[18]
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Table 1: Class confusion matrix for trimmed classification tree (correlogram).
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Table 2: Class confusion matrix for the nearest-neighbor classification (correlogram).
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Table 3: Class confusion matrix for the nearest-neighbor classification (histogram).
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Figure 1: Sample images from various classes.



BuILD-TREE( S,C)
let S:{Il,...,In}
let C:{Cl,...,Cc}
compute SVD of A(S)=UzvVT
let k* = |{O’1 | o > 0.20’1}|
for k=c to k" do
use reduced SVD representation to compute
Cr(I) = C(argmin;es\(n {|8x (1) — Br(J)[})
form the confusion matrix
MY = [{I|C(I) = Ci, Cu() = C3}|, 1<ij<c
compute the average correct classification
=T, M /S|
choose M*=M® such that ~, is maximal
compute C =C; UCs such that
ncutar= (C1,C2) is minimized
let S ={IeS:C'(I) e}
let S;={Ie€S:C(I) e}
BUILD-TREE( 81,C1)
BUILD-TREE( Sz, C2)

Figure 2: The Training Algorithm
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Figure 3: The classification tree obtained from the first training set using correlograms. The dotted lines indicate the trimmed portions.



