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Abstract—In this paper, we recommend a mid-level repre-
sentation, category attributes, for content based flower image
retrieval. Low-level features have been utilized in images for
retrieval. However, even though these features are efficient, the
similarity between low-level features may differ from high level
human perception, known as semantic gap. In real life, it is
very usual to use attributes, a domain specific terminology,
to describe the visual appearance of objects. Inspired by this,
we utilize category attributes, i.e. daisy, buttercup or iris to
construct semantic representation of flower images. For each
category attribute, we train a linear SVM based on low level
visual features,containing the appearance of color, texture and
shape. Outputs of these classifiers are regarded as attribute
features. Then we use distances between attribute features for
flower retrieval. This method was evaluated on 17 Category
Flower Dataset. Experimental results show that attribute based
representation outperforms low-level features in terms of mean
average precision.

Keywords—Content Based Image Retrieval, Category Attributes,
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I. INTRODUCTION

This paper proposes a system of content based image
retrieval [12] for flowers. Given a query image which has
focus on one kind of flower, our system aims to return a set of
representative images in which similar types of flower appears.
The challenge of this problem comes from many aspects, such
as, large intra-class appearance variation of flowers viewpoints
and illumination etc.

Most approaches to retrieve images of a particular object
rely on the bag-of-features (BOF) representation in [3]. This
initial method maps local image descriptors into visual words,
for instance, it selects for each descriptor the the nearest
descriptor from a visual vocabulary, learnt by k-means on
a training set. The number of descriptors assigned to each
visual word then constructs a histogram, representing BOF
model. Then from 2006, Spatial pyramid in [14] has drawn
more attention. This model adds approximate global geometric
correspondence to BOF model. It separates an image into sub-
regions and computes BOF histograms of local features in
those sub-regions. In this paper, spatial pyramid is used to
describe SIFT features.

A visual vocabulary for flower classification introduced in
[2] demonstrates that it distinguishes one flower from another
efficiently. It uses clustered HSV color space as a color cue,
SIFT [8] as an expression of shape, and MR8 filter [9] for
some information of texture, building a flower vocabulary by
combining these features.

However, attribute has a higher semantic information than
low-level features. In real life, as we claimed before, attributes

are more common to be used to express the visual feature of
objects. For example, automatic attribute discovery suggest-
ed in [10] provides an automatic way to find and identify
attributes (e.g. stiletto, sandal and clutch) from pictures and
textual information on the Internet, attribute classifier in [7]
indicates it is valid to train bi nary classifiers to identify the
presence of visual appearance, such as gender, race and age.
In this paper, the category attributes from 17 Category Flower
Dataset [13] form 17 Support Vector Machine classifiers for
each category.

In the past, low-level feature based image retrieval system
chose similarity functions like Euclidean or χ2 distance on
the low-level descriptors - features to compare similarity. In
this attribute based image retrieval system, comparing the
Euclidean distances between scores of attributes learned from
the attribute classifiers is more appropriate.

Our approach has the advantages as follows: (1) Our mid-
level representation is robust to viewpoint and illumination
changes by training with stable features such as HSV, SIFT,
LBP. (2) Compared to low-level features, our attribute based
representation is closer to human perception of flowers which
allows us to retrieve flower more effectively and efficiently.

Our major contribution is as follows: We present a mid-
level representation - category attributes - image retrieval
method that systematically outperforms low-level features.

The remainder of this paper is organized as follows. Section
II explains how the category attributes are used in a content
based image retrieval system. Section III describes the exper-
iments we have performed and their results of attribute based
image retrieval in comparison to those of low-level features.
We report substantial improvement to the baseline using low-
level features. Finally, conclusion of this paper is in Section
IV.

II. OUR APPROACH

In our approach, the first step is to extract low-level
image features, e.g. SIFT [8], HSV, auto-correlogram [6],
color-moments [5], wavelet-moment, edge-detection and Local
Binary Pattern [1]. The second step is to train mid-level visual
features - category attributes with these low-level features .
These attributes are simple scores of our category attribute
classifiers. Finally, to estimate measurement of image similar-
ity, we compute the Euclidean distances between the query and
images from the dataset. The above three steps are formalized
as follows:

1) Extract Low-level Features:We extract k low-level
features fi=1,...,k for each flower image I, and
concatenate these vectors to form a large feature
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Fig. 1. Low-level features extraction and construction of the category attributes descriptor for a query. Step represented in gray requires a learning stage.

vector F (I) = 〈f1 (I) , . . . , fk (I)〉.

2) Construct Category Attributes: For each extracted
feature vector F (I), we compute the output of n
category attribute classifiers Ci=1,...,n in order to
produce a category attributes vector C(I) for the
image, C (I) = 〈C1 (F (I)) , . . . , Cn (F (I))〉.

3) Estimate measurement of image similarity: We uti-
lize Euclidean distances between query image I and
those Dj from the dataset, containing m images. The
similarity distance function s:

s =

√
(C (I)− C (Dj))

2
j = 1, . . . ,m (1)

A. Extraction of low-level features

In the following, we present three major types of low-
level image features in our approach: color, texture, and
shape related features. Fig. 1 illustrates the extraction of these
features as well as the category attribute descriptor described
in section II-B.

The color existence is sort of hard to identify flowers,
because the color distribution is intersection among flowers.
That is, it is helpful with color information rather to refine the
possible species than identify the flower species. That a white
flower could be a windflower or a lily valley but could not be
a sunflower is a the best example to illustrate this. So color
feature is less weighted than the others.

In addition, with illumination variation, there would be
notable appearance differences, i.e. more lighter even white,
which lead to confusion between classes. One way to reduce
the effect of illumination variation is to use a color space
which is less sensitive to it. Hence, we use HSV color space
to describe the color of flowers.

For shape representation, it is appropriate to describe each
petal in the same way, because petals are almost redundant.
We utilize a rotation invariant descriptor SIFT visual word
histogram. A dimension of 128 SIFT descriptor for each
feature point is computed on a regular grid and patch [8].
A great quantity of SIFT descriptors are clustered by k-
means (with k = 200). Given a set of cluster center (visual
word) ωi, i = 1, 2, . . . , n, each image Ij , j = 1, 2, . . . , N , is

Fig. 2. Flowers with distinctive patterns. From left to right: tiger-lily with
distinctive dots, pansy with distinctive stripes, fritillary with distinctive checks.

then represented by a n-dimension frequency histogram. Then
the image is subdivided into three different levels, one with
original size, one cutting into four equal block, one turning
to be nine equal style box. For each level of style box, we
count the features that fall in each one. Then, to balance their
influence, each style box has been weighted as illustrated in the
part of SIFT Spatial Pyramid in Fig. 1. Finally, we concatenate
the above histograms to form a single long vector. Spatial
Pyramid [14] is more helpful to record the spatial features
of SIFT rather than BOF [3].

As shown in Fig. 2, flowers have distinctive petal texture
patterns. We describe the texture by Local Binary Pattern
(LBP) [1] features. First, a structure containing a mapping
table for uniform rotation-invariant LBP codes is generated
from a gray image. We set P = 16, R = 2 in [1] then get a
histogram of LBP codes.

Before combining these histograms, HSV, LBP, SIFT
histograms should be normalized first. Then the normalized
histograms are concatenated to form an entire feature vector.

B. Construction of category attributes

Category classifiers Ci=1,...,n are used to depict the cate-
gory attributes of flowers, e.g. daffodils, sunflower, pansy and
giant white arum lily in Fig. 3. Thus we train several flower
category attribute classifiers, treating attributes classification as
a supervised learning problem. For each category, a group of
positive and negative images is need for the training. For 17
Category Flower Dataset, each category classifier is a SVM
with a linear kernel, trained using libsvm [11]. Examples of
some category attributes are shown in Fig. 3.



Fig. 3. Category Attributes for Training. Each row shows training examples
of flower images that match the given attribute label (positive examples) and
those don’t (negative examples).

C. Estimate of image similarity measurement

We utilize Euclidean distances between query image and
those from the dataset. The similarity distance function is as
Eq. 1.

III. EXPERIMENTS AND RESULTS

A. Dataset and evaluation

We present results of 17 Category Flower Dataset to evalu-
ate content based flower image retrieval system. It is available
online [13]. This dataset consists of 1,360 labeled images of
17 categories, with 80 images per category. This dataset is
very challenging because there are large variation between
same category while small variation between different ones
considering viewpoint, scale, and illumination.For example,
some classes can not be identified only by color, shape or
texture. These flower images is from many websites as well
as artificial photographs.

B. Results

To evaluate the performance, we compute mean average
precision(mAP) as follows:

mAP =

Q∑
q=1

AP (q)

Q (2)

where Q is the number of queries, and the average preci-
sion(AP) is computed using the query result information in
the following:

AP =

N∑
k=1

(P (k)×Rel(k))

N R (3)

The relevance of the retrieved top k image (Rel(k)) and the
precision (P(k)) in (3) are illustrated as (4) and (5):

Rel (k) =

{
1, where k is relevant
0, where k is not relevant

(4)

Fig. 4. Comparison of flower image retrieval results between our mid-level
and low-level features. For the same query left, top right is top 20 retrieval
result of category attribute based method, bottom is those of low-level feature
based method. Fifteen relevant of category attributes, eleven relevant of low-
level features.

P (k) =
|{relevant documents ∩ retrieved documents}|

|{retrieved documents}|
(5)

In (4) and (5), k represents the kth retrieved image. In (5),
|N | means the norm of variable N , and relevant documents
means the number of all relevant images from the dataset
which contain the similar object as the query while
retrieved documents means the number of the images re-
trieved from the query.

In Fig. 5 we show how the performance varies with the
number of top-K query images on 17 Category Flower Dataset.
Especially when the number of query images increases, our
method outperforms low-level feature based image retrieval
method. We credit this excellent performance boost to the
ability of category attribute to overcome some over-low-level
description of the image when large queries are used.

IV. CONCLUSION AND FUTURE WORKS

In this paper we present a new method for flower image
retrieval. We make use of category attributes to construct
middle level image representation. This way it construct a
new mid-level visual presentation - category attribute - for the
query and images in the dataset. This approach captures flower
category attribute, is more effective and has lower dimension,
so we don’t need to rely on costly and inefficiently similarity
measurement between low-level feature vectors. This approach
achieves good results on 17 Category Flower Dataset. In
comparison to low-level feature image retrieval, the proposed
method shows substantial performance improvement.



Fig. 5. Performance vs. number of queries using our approach.
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