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Abstract

We investigate to what extent combinations of features
can improve classification performance on a large dataset
of similar classes. To this end we introduce a 103 class
flower dataset. We compute four different features for the
flowers, each describing different aspects, namely the lo-
cal shapeftexture, the shape of the boundary, the overall
spatial distribution of petals, and the colour. We combine
the features using a multiple kernel framework with a SVM
classifier. The weights for each class are learnt using the
method of Varma and Ray [16], which has achieved state of
the art performance on other large dataset, such as Caltech
101/256. Our dataset has a similar challenge in the num-
ber of classes, but with the added difficulty of large between
class similarity and small within class similarity. Results
show that learning the optimum kernel combination of mul-
tiple features vastly improves the performance, from 55.1%
for the best single feature to 72.8% for the combination of
all features.

1 Introduction

As image based classification systems are improving
the task of classifying objects is moving onto datasets
with far more categories, such as Caltech256 [8]. Recent
work [2, 8, 9, 16, 17, 18] has seen much success in this
area. In this paper, instead of recognizing a large number
of disparate categories, we investigate the problem of rec-
ognizing a large number of classes within one category —
that of flowers. Classifying flowers poses an extra challenge
over categories such as bikes, cars and cats, because of the
large similarity between classes. In addition, flowers are
non-rigid objects that can deform in many ways, and con-
sequently there is also a large variation within classes. Pre-
vious work on flower classification has dealt with a small
number of classes [12, 14] ranging from 10 to 30. Here we
introduce a 103 class dataset for flower classification. Im-
ages from the dataset are shown in figure 1.

What distinguishes one flower from another can some-
times be the colour, e.g. blue-bell vs sunflower, sometimes
the shape, e.g. daffodil vs dandelion, and sometimes pat-
terns on the petals, e.g. pansies vs tigerlilies etc. The dif-
ficulty lies in finding suitable features to represent colour,
shape, patterns etc, and also for the classifier having the ca-
pacity to learn which feature or features to use.

In the case of the Caltech 101/256 image datasets [7, 8],
state of the art performance has been achieved by using mul-
tiple features [18] and a linear combination of kernels in a
SVM classifier [2, 3, 16]: a base kernel is computed for
each feature (e.g. shape, appearance) and the final kernel is
composed of a weighted linear combination of these base
kernels [3] with a different set of weights learnt for each
class. Varma and Ray [16] showed that the weights could
be learnt by solving a convex optimization problem.

In this paper we investigate this multiple kernel learn-
ing approach for flower images acquired under fairly un-
controlled image situations — the images are mainly down-
loaded from the web and vary considerably in scale, reso-
lution, lighting, clutter, quality, etc. The link we make is
to automatically segment each image (section 2) so that the
flower is isolated in the image. This makes the recogni-
tion challenge somewhat similar in nature to that of Cal-
tech 101/256 — in that there is only a single (or very few)
instances of the object in each image (excepting fields of
flowers like bluebells) —i.e. the background clutter has been
removed, and there are a similar number (103 vs 101) of
classes to be classified. On the other hand flowers have
the additional challenges (compared to Caltech101) of scale
variation, pose variation and also greater between class sim-
ilarity.

We design features, and corresponding kernels, suited to
the flower class which capture the colour, texture, and shape
(local and global) of the petals and their arrangement. This
is presented in section 3. The image dataset and experimen-
tal procedure are described in section 4, and results on the
test set given in section 5.
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Figure 1: The 103 class flower dataset. Each image is an instance of a different class. They are sorted alphabetically. The colour bar below
each image shows the magnitude of the features weights learnt for each class, as described in section 4.



2 Segmentation

Several papers [6, 14, 12, 13] have proposed methods
explicitly for the automatic segmentation of a flower im-
age into flower as foreground, and the rest as background.
We use here the segmentation scheme proposed by Nilsback
and Zisserman [13].

The scheme of [13] proceeds in an iterative manner:
first an initial flower segmentation is obtained using gen-
eral (non-class specific) foreground and background colour
distributions. These distributions are learnt by labelling pix-
els in a few training images of each class in the dataset as
foreground (i.e. part of the flower), or background (i.e. part
of the greenery), and then averaging the distributions across
all classes. Given these general foreground and background
distributions, the initial binary segmentation is obtained us-
ing the contrast dependent prior MRF cost function of [4],
optimized with graph cuts. This segmentation may not be
perfect, but is often sufficient to extract at least part of the
external boundary of the flower. A generic flower shape
model is then fitted to this initial segmentation in order to
detect petals. The model selects petals which have a loose
geometric consistency using an affine invariant Hough like
procedure. The image regions for the petals deemed to be
geometrically consistent are used to obtain a new image
specific foreground colour model. The foreground colour
model is then updated by blending the image specific fore-
ground model with the general foreground model. The
MREF segmentation is repeated using this new colour model.
In cases where the initial segmentation was not perfect, the
use of the image specific foreground often harvests more of
the flower. The steps of shape model fitting and image spe-
cific foreground learning can then be iterated until conver-
gence, when no or very little change has occurred between
two consecutive iterations.

The scheme was introduced using a 13 class flower
dataset, a subset of the 17 class flower dataset of [12].
Figure 2 shows example segmentations obtained using this
scheme on our 103 class dataset. It can be seen that it also
works well for flowers very different in shape to those used
in [13].

3 Classification

The aim is to obtain a classifier which is discriminative
enough between classes, but also is able to classify correctly
all instances of the same class. It needs to to be able to
represent and learn that to discriminate a sunflower from a
daisy, colour is a useful cue but shape would be quite poor.
Conversely, to differentiate a buttercup from a dandelion,
shape would be much more useful, but colour would not.
In this section we first describe four features designed to
represent the foreground flower regions, and then the linear

Figure 2: Example segmentations.

combination of kernels used for the one-vs-rest SVM clas-
sification, where each kernel corresponds to one feature.

3.1 Features

Different features are chosen to describe different prop-
erties of the flower. The low level features we use are
colour, histogram of gradient orientations (HOG) [5], and
SIFT [10] sampled on both the foreground region and its
boundary.



Colour: Colour is described by taken the HSV values of
the pixels. The HSV space is chosen because it is less
sensitive to variations in illumination and should be able
to cope better with pictures of flowers taken in different
weather conditions and at different time of the day. The
HSV values for each pixel in an image are clustered using
k-means. Given a set of cluster centres (visual words) wg,
1 =1,2,..., V., each pixel in the image [ is then assigned
to the nearest cluster centre, and the frequency of assign-
ments recorded in a a V. dimensional normalized frequency
histogram n(we|I).

SIFT on the foreground region: SIFT [10] descriptors
are computed at points on a regular grid with spacing M
pixels over the foreground flower region. At each grid point
the descriptors are computed over circular support patches
with radii R pixels. Only the grey value is used (not colour),
and the resulting SIFT descriptor is a 128 vector. To cope
with empty patches, all SIFT descriptors with L2 norm be-
low a threshold (200) are zeroed. Note, we use rotationally
invariant features. The SIFT features describe both the tex-
ture and the local shape of the flower (e.g. fine petal struc-
tures (such as a sunflower) vs spikes (such as a globe this-
tle). We obtain n(w’|I) through vector quantization in the
same way as for the colour features.

SIFT on the foreground boundary: The boundary of the
segmentation gives us the boundary of the flower. The dif-
ficulty of describing the shape is increased by the natural
deformations of a flower. The petals are often very soft and
flexible and can bend, curl, twist etc. By sampling SIFT fea-
tures on the boundary of the flower we can can give greater
emphasis (over the internal features) to the local shape of
the boundary. A similar boundary feature was used in [11].
The 128 dimensional SIFT descriptors with radii R pixels
are computed at each step S along the boundary. In a similar
manner to the SIFT features for the internal region, only the
grey value is used. n(w®|I) is obtained by clustering only
the boundary SIFTs, i.e. separate vocabularies are used for
the boundary and internal SIFT features.

Histogram of Gradients: HOG features [5], are similar
to SIFT features, except that they use an overlapping lo-
cal contrast normalization between cells in a grid. How-
ever, instead of being applied to local regions (of radius R
in the case of SIFT), the HOG is applied here over the en-
tire flower region (and it is not made rotation invariant). In
this manner it captures the more global spatial distribution
of the flower, such as the overall arrangement of petals. The
segmentation is used to guide the computation of the HOG
features. We find the smallest bounding box enclosing the
foreground segmentation and compute the HOG feature for
the region inside the bounding box. We then obtain n.(w"|I)

through vector quantization in the same way as for the pre-
vious features.

3.2 Linear combination of kernels classi-
fier

The classifier is a SVM [15] using multiple kernels [1].
A weighted linear combination of kernels is used, one ker-
nel corresponding to each feature. The final kernel has the
following form for two data points ¢ and j:

K(i,j) =Y Brexp (—ppxG (s (i), z5(7) (D)

feF

where x is the feature vector for descriptor f (e.g. the nor-
malized bag-of-visual-words histogram in the case of local
shape), and j3; is the weight for feature f. x?(x,y) is the
symmetric Chi-squared distance between histograms x and
y. Note, K(x,y) = exp(—pux?(z,y)) is a Mercer kernel,
and consequently (1) is a Mercer kernel by the sum rule.
The parameter /i is set to 1/mean value of the x? distances
between the vectors x over all the training images [18].

Following [3], a set of parameters 3 is learnt for each
class as a one-vs-rest classifier, as described in the follow-
ing section. The final classification of a test image is then
determined by the classifier with the most positive response
over all the flower classes.

4 The dataset and experimental procedure

In this paper we introduce a dataset consisting of 8189
images divided into 103 flower classes. Figure 1 shows
one example of each class. These are chosen to be flow-
ers commonly occurring in the United Kingdom. Most of
the images were collected from the web. A small number
of images were acquired by taking the pictures ourselves.
Each class consists of between 40 and 250 images. Figure 3
shows the distribution of the number of images over all the
classes. Passion flower has the greatest number of images
and eustoma, mexican aster, celosia, moon orchid, canter-
bury bells and primrose have the least, i.e. 40 per class. The
images are rescaled so that the smallest dimension is 500
pixels.
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Figure 3: The distribution of the number of images over the 103
classes.

The dataset is divided into a training set, a validation set
and a test set. The training set and validation set each con-
sist of 10 images per class (totalling 1030 images each). The
test set consist of the remaining 6129 images (minimum 20
per class). The validation set is used to optimize the number
of visual words for each of the features, and the radius and
spacing of the SIFT features.

For both the validation and test sets, performance is mea-
sured per class (in the same manner as for Caltech101/256),
i.e. the final performance is the classification averaged over
all classes (not over all images).

4.1 Optimization on the validation set

The optimum value for parameters such as the grid spac-
ing (for the internal SIFT features) or the k in the k-means
clustering for each feature type are learnt by optimizing the
performance on the validation set in the standard manner.

For example for the internal SIFT features, the classifier
is trained on the training data using only the kernel for this
one feature. The optimum number of words in the vocabu-
lary is determined by searching over a range between 1000
and 10000 and finding the maximum classification perfor-
mance on the validation set. Each k-means clustering is
repeated 3 times, and the best results kept. For colour the
search is over the range 100 to 5000, because colour fea-
tures have much fewer dimensions than SIFT, so we expect
to be able to use fewer words to describe them. Both the grid
spacing M and the circular support patches R, are searched
over a range of 5 to 50 pixels. Maximization of the per-
formance on the validation set is carried out separately for
each variable.

The optimum number of words is 1000 for the colour
features, 8000 for the SIFT over the entire foreground re-

gion, 3000 for the SIFT on the boundary region only, and
1500 for the HOG features. The optimum size radius is
15 and 10, for the internal and boundary SIFT respectively.
The optimum spacing is 10 for the internal SIFT and 10 for
the boundary SIFT.

Once the parameters have been determined on the vali-
dation set, the classifiers are retrained using all the available
training data (both the training and validation sets). At this
stage the weights 3¢ are determined using the optimization
method of Varma and Ray [16].

5 Results on the test set

Table 1 shows the classification performance for differ-
ent feature sets. It can be seen that combining all the fea-
tures results in a far better performance than using the sin-
gle best features (SIFT internal). Both the internal SIFT
and the boundary SIFT contribute to the performance. The
internal SIFT individual performance is however much bet-
ter, which is to be expected as non-rigid deformations of
the petals affect the boundary more than the inside. Figure
1 shows the weights learnt for each one-vs-rest classifier.
Each class is represented by one image and the bar below
each image show the distribution of weights for the differ-
ent features. Blue represent the weight for the internal SIFT,
red for the HOG features, green for the colour features and
black for the boundary SIFT. The bar results show that over-
all the internal SIFT features are the most discriminative,
and have the largest weight for most classifications. How-
ever, there are some classes (shown in figure 4) for exam-
ple Cautleya, that have zero weights on the internal SIFT.
These have much more weight put on both the HOG fea-
tures and the SIFT sampled along the boundary, i.e. they
are much better distinguished by the boundary of the petals
and the overall layout of the petals than the internal tex-
ture. It also shows that some classes like Snapdragon, are
not well distinguished by colour, but for the orange Dahlia
the colour weight is relatively strong. This is because the
Snapdragon occurs in many different colours, whereas the
orange dahlia only occurs in one colour. Figure 5 shows
examples of images that are classified correctly by the com-
bination of features, but would be misclassified by some of
the features independently. Each row shows the classifica-
tion for an image (green indicates correct). The last row, for
example, shows a case where no single features are classi-
fied correctly but the combination of all three results in a
correct classification. Figure 6 shows examples of misclas-
sifications.

6 Comparison with previous work

In this section we compare the performance of our
method on the publicly available 17 class flower dataset
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Figure 5: Example classifications. Each column shows the classifications for each feature given a test image(top row). The classification
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features gets it right, but the combination of all features still gets it right. Note how each feature captures the aspect of the flower it was
designed for, such as local shape with SIFT, global shape with HOG.



Features Recognition rate
HSV 43.0%
SIFT internal 55.1%
SIFT boundary 32.0%
HOG 49.6%
HSV + SIFT int 66.4%
HSV + SIFT bdy 57.0%
HSV + HOG 62.1%
SIFT int + SIFT bdy 58.6%
SIFT int + HOG 66.4%
SIFT bdy + HOG 55.3%
HSV + SIFT int + HOG 71.8%
HSV + SIFT int + SIFT bd + HOG 72.8%

Table 1: Recognition performance on the test set. It can be seen
that combining the features within the kernel framework improves
the performance.

Cautleya Snapdragon Thistle

BT

Figure 4: Example images from different classes.

http://www.robots.ox.ac.uk/~vgg/data/

flowers/index.html, which was introduced in [12],
with the two previous publications that have classified
this dataset: Nilsback and Zisserman [12], and Varma and
Ray [16]. Again, we report a class average classification
for the overall recognition performance. Note, in [12]
the performance measure was a weighted rank, aimed at

Tree Mallow

Petunia Water Lily

Misclassification  Test Image

Cautleya Spicata

Test Image

Misclassification

Barbeton Daisy Japanese Anemone Azalea

Misclassification Test Image

Figure 6: Examples of misclassifications. Note, the image shown
for the misclassification is only a representative image for that
class and not the “closest” image.

retrieval. We report here instead the results of a first nearest
neighbour classifier using y? as the distance function.

For the comparison we first use the segmentation method
(graph cuts), described in [12], to obtain the foreground
flower regions. In [12], the features are visual word his-
tograms for colour, shape and texture. The nearest neigh-
bour classifier using a weighted distance on the three his-
tograms (as described in [12]) gives a recognition perfor-
mance of 71.76 &+ 1.76%. Using the same features, but a
multiple kernel classifier, [16] achieves a recognition per-
formance of 82.55 + 0.34%, showing that this is a superior



classifier. Using the features computed in this paper and
again with a multiple kernel classifier, increases the perfor-
mance to 85.1 + 1.19%, demonstrating the benefit of the
additional features introduced here.

We also do a comparison using the iterative segmenta-
tion scheme used in this paper (from [13]). We recompute
the shape, colour and texture descriptors of [12] on the new
segmentations. The weights are again optimized as in [12].
This gives a recognition performance of 73.14 + 1.76%.
Again performance is improved by using a multiple ker-
nel classifier, which gives a recognition performance of
83.33 & 1.39%. Finally, using the features computed in this
paper and the multiple kernel classifier leads to a perfor-
mance of 88.33+0.3%. This is the best performance todate
reported on the 17 class flower dataset.

Although using the features computed in this paper leads
to improved classification with both the graph cut segmen-
tation and the iterative segmentation scheme, the improve-
ment is more evident using the segmentation scheme of
[13]. This is mainly because the SIFT features computed
from the boundary are sensitive to the segmentations.

7 Conclusion

We have shown that by combining features in an opti-
mized kernel framework we can improve the classification
performance of a large dataset of very similar classes. The
learning of different weights for different classes enables
us to use an optimum feature combination for each clas-
sification. This allows us to incorporate, for example, that
some classes are very similar in shape but different in colour
and that some classes are better distinguished by the overall
shape than the internal shape and vice versa. The principal
challenge now lies in the large variations within a class and
the relatively few samples of images. Future work should
include using visually similar classes to jointly train the
classifier.
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