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Abstract In this paper, we present a system for detecting and tracking of a flower
in a flower video based on a query sketch of the flower. The proposed system has
two stages detection and tracking. In first stage a sketch of a flower of interest is
given as an input. The edge orientation information of the given sketch is matched
against that of an individual frame in search of a location of the flower of interest
using fast directional chamfer matching. In second stage the detection coordinates
have been used for tracking the sketch part in flower videos. For tracking we used
joint color texture histogram to represent a target and then apply it to the mean
shift framework. For experimentation we created our own dataset of 10 videos of
different flowers and their sketches. To study the efficiency of the proposed method
we have compared the obtained results provided by five human experts.

Keywords Chamfer matching � Flower detection � Flower tracking � Color
texture histogram

1 Introduction

A sketch is a rapidly executed freehand drawing that may serve a number of
purpose, it might record something that the artist sees, it might record or develop
an idea for later use or it might be used as a quick way of graphically
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demonstrating an image, idea or principal. It is an excellent way to quickly explore
concepts. The objective of the current research work is to detect flowers from
videos through sketch of flowers. Flowers and the ability to identify them have
been fascinating humans for hundreds of years. The taxonomy originally contained
approximately 8,000 plants, but has since been extended to encompass more than
250,000 flower species around the world [1]. However, even when an image is
sufficient, identifying a flower may still need a guidebook because with advances
in digital and mobile technology it is easy to draw pictures of flowers, but it is still
difficult to find out what they are. Once we know the name of a flower we can find
more information about a flower on the web, but the link between obtaining an
image of a flower and acquiring its name is missing. Therefore, our aim is to create
an automatic guide that identifies a sketch of a flower.

2 Related Work

The Classification of flowers has majorly three stages viz., segmentation, feature
extraction and classification. Before extraction of features from a flower image, the
flower has to be segmented. The goal is to segment out the flower given only that
the image is known to contain a flower, but no other information on the class or
pose. In second step, different features are chosen to describe different properties
of the flower. Some flowers are with very distinctive shapes, some have very
distinctive color, some have very characteristic texture patterns, and some are
characterized by a combination of these properties. Finally extracted features are
used to classify the flower.

Segmentation subdivides an image into its constituent parts or objects. The
level to which this subdivision is carried depends on the problem being solved.
That is segmentation should stop when the objects of interest in an application
have been isolated. In general, automatic segmentation is one of the most difficult
tasks in image processing. Flowers in images are often surrounded by greenery in
the background. Hence, the background regions in images of two different flowers
can be very similar. In order to avoid matching the green background region,
rather than the desired foreground region, the image is segmented. Pixel labeling
method [2] uses only pixel appearance to assign a label to a pixel. The Contour-
based methods which try to find the boundary of an object by locally minimizing
energy function so that the segmentation boundaries align with strong gradients in
the image. These include [3–6]. Graph-based pixel labeling methods a global
energy function is defined depending on both appearance and image gradients
[7–11]. Another classical category of segmentation algorithm is based on the
similarity among the pixels within a region, namely region based segmentation. In
region merging techniques, the goal is to merge regions that satisfy a certain
homogeneity criterion. These includes [12–14].
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Different features are chosen to describe different properties of a flower. Some
flowers are with very distinctive shapes, some have very distinctive colors, some
have very characteristic texture patterns, and some are characterized by a com-
bination of these properties. Some flowers exist in a wide variety of colors, but
many have a distinctive color. The color of a flower can help narrow down the
possible species, but it doesn’t enable us to determine the exact species of the
flower. To handle this problem the color feature is described by taking the HSV
values of the pixels [10]. The HSV values for each pixel in an image are clustered
using k-means to have the color vocabulary. Yoshioka et al. [15] in their work
performed quantitative evaluation of petal colors using principal component
analysis. They set a region of interest in each petal as a region representing the
petal color pattern and defined the maximum square on each petal as the region of
interest. Texture of a flower has also been exploited for classification. Some
flowers have characteristic patterns which are distinctive on their petals. Nilsback
and Zisserman [16], describe the textures by convolving the images with MR8
filter bank. The filter bank contains filters at multiple orientations. Rotation
invariance is achieved by choosing the maximum response over orientations. Guru
et al. [17] developed a neural network based flower classification system using
different combinations of texture models such as color texture models, gray level
co occurrence matrix, gabor responses. Guru et al. [18] designed a flower classi-
fication system using combinations of gray level co occurrence matrix, gabor
responses. The features are fed into K nearest neighbor for classification. Guru
et al. [19] proposed a method to classify flowers using only whorl region of
flowers. The whorl region is identified using noise obtained through Gabor filter
responses. Different texture features are extracted on whorl part of flower and
compared with entire flower. The shapes of individual petals, their configuration,
and the overall shape of the flower can all be used to distinguish flowers. The
difficulty of describing a shape is increased due to natural deformations of a
flower. The petals are often very soft and flexible and hence can bend, curl, twist
etc., which make the shape of a flower appear very different. The shape of a flower
also changes with the age of the flower and petals might even fall off. Nilsback and
Zisserman [10] describe the shape features using rotation invariant descriptors.
The scale invariant feature transform (SIFT) descriptors are computed on a regular
grid and optimize over three parameters: grid spacing M, radius R and number of
clusters. Nilsback and Zisserman [16] describes the shape features using SIFT
descriptors on the foreground region and on the foreground boundary.

After feature extraction, the challenge lies in determining suitable classifier.
Nilsback and Zisserman [10, 16] used nearest neighbor classifier and support
vector machine to classify the flowers. In other work Varma and Ray [20] used
multiple kernel classifier to classify the flowers. However, as the number of classes
increases classification becomes computationally expensive. To overcome this
problem Das et al. [2] proposed an indexing method to index the patent images
using the domain knowledge. The color of the flower is defined by the color names
present in the flower region and their relative proportions. The database can be
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queried by example and by color names. Fukuda et al. [21] developed a flower
image retrieval system by combining multiple classifiers using fuzzy c-means
clustering algorithm. Cho and Chi [22] proposed a structure-based flower image
recognition method. The genetic evolution algorithm with adaptive crossover and
mutation operations was employed to tune the learning parameters of the Back-
propagation through Structures algorithm [23]. Saitoh et al. [6] describe an
automatic recognition system for wild flowers. The objective is to extract both
flower and leaf from each image using a clustering method and then to recognize
using a piecewise linear discriminate function. In [24] color features of flower are
characterized using a histogram of a flower region and shape features are char-
acterized by centroid-contour Distance and Angle Code Histogram for the purpose
of flower retrieval.

From the literature survey it is understood that, though there are a few attempts
towards development of flower classification systems, no work is found on sketch
based flower detection and Tracking. Hence in this work, we design a system for
detecting and tracking of a flower in a flower video based on a query sketch of the
flower. The proposed system has two stages detection and tracking. In first stage a
sketch of a flower of interest is given as an input. Fast directional chamfer
matching is used match the flower sketch in respective videos frames and later best
detection co-ordinates as been picked for tracking the sketch part in flower videos.

3 Proposed Method

The proposed method has detection and tracking phases. In detection phase, the
sketch of user interest is given as input. The edge orientation information of the
given sketch is matched against that of an individual frame in search of a location
of the flower of interest using fast directional chamfer matching. The best
matching score between human expert and proposed method is selected for
tracking. In tracking phase the detection coordinates have been used for tracking
the sketch part in flower videos. For tracking we used joint color texture histogram
to represent a target and then apply it to the mean shift framework. The block
diagram of the proposed method is given in Fig. 1.

Flower TrackingFlower DetectionFrameSketch

Fig. 1 Block diagram of the proposed work
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3.1 Flower Detection

As flowers of different classes are more similar, developing a system to identify
flowers based on sketches is a very challenging task. Additionally, flower videos
captured in a real time, poses a number of challenges like variations in viewpoint,
scale, illumination, partial occlusions, multiple instances etc. Also, the cluttered
background makes the problem more difficult, as we need to identify the flowers
from the background. Moreover, the greatest challenge lies in preserving the intra-
class and inter-class variabilities.

All these challenges need a very sophisticated algorithm to identify flowers
based on sketch. As we do not find any work on sketch of flowers specifically on
videos so we shifted our focus towards object detection based sketches. By
reviewing the research papers on sketch based object detection, we find efficient
shape-matching algorithm called fast directional chamfer matching (FDCM) [25]
which is used to reliably detect objects and estimate their poses. FDCM improves
the accuracy of chamfer matching by including edge orientation. It also achieves
massive improvements in matching speed using line-segment approximations of
edges, a three-dimensional distance transform, and directional integral images.

The input sketch is matched with respective frames of flower videos using shape
matching algorithm called fast directional chamfer matching which incorporates
the edge orientation information of both query sketch and input frame. The
RANSAC algorithm is used to compute the linear representation of an edge map.
The algorithm initially hypothesizes a variety of lines by selecting a small subset
of points and their directions. The support of a line is given by the set of points
which satisfy the line equation within a small residual and form a continuous
structure. The line segment with the largest support is retained and the procedure is
iterated with the reduced set until the support becomes smaller than a few points.

Let T ¼ ftig and Q ¼ fqjg be the sets of template and query edge map
respectively. Let /ðtiÞ denote the edge orientation of the edge point ti. For a given
location x of the template in the query image, directional chamfer matching aims
to find the best qj 2 Q for each ti 2 T by minimizing the cost Eq. (1)

jðti þ xÞ � qjj þ kj/ðti þ xÞ � /ðqjÞj: ð1Þ

Thus the directional chamfer distance for placing the template at location x is
defined as

dðT ;QÞDCM ðxÞ ¼
1
Tj j
X

ti2T

min
qj2Q
jðti þ xÞ � qjj þ kj/ðti þ xÞ � /ðqjÞj ð2Þ

k denotes the weighting factor between location and orientation terms.
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3.2 Flower Tracking

The best detection co-ordinates that are obtained through matching between
ground truth and proposed method are used to represent the target region and then
a joint color-texture histogram method is adapted for a more distinctive and
effective target representation. The major uniform Local binary patterns (LBP)
patterns are used to identify the key points in the target region and then form a
mask for joint color-texture feature selection. The mean shift algorithm [26] can be
used for visual tracking. The simplest such algorithm would create a confidence
map in the new frame based on the color histogram of the object in the previous
frame, and use mean shift to find the peak of a confidence map near the object’s
previous position.

The LBP operator labels a pixel in an image by thresholding its neighborhood
with the center value and considering the result as a binary pattern [27, 28], LBP8;1

(P = 8, R = 1)(P = #neighbors; R = radius). By varying P and R, we have the
LBP operators under different quantization of the angular space and spatial res-
olution, and multi resolution analysis can be accomplished by using multiple
LBPP;R operators. The superscript ‘‘riu2’’ means that the rotation invariant ‘‘uni-
form’’ patterns have a U value of at most 2. The LBPriu2

8;1 model has nine uniform

texture patterns; each of the LBPriu2
8;1 uniform pattern is regarded as a micro-texton.

The local primitives detected by the LBPriu2
8;1 model include spots, flat areas, edges,

line ends and corners, etc. In target representation, the micro-textons such as
edges, line ends and corners, named as ‘‘major uniform patterns’’ are used to
represent the main features of the target while, spots and flat areas, which are
named as ‘‘minor uniform patterns’’ are representing minor textures. Thus, main
uniform patterns are extracted from the target.

The RGB channels and the LBP patterns are jointly extracted to represent the
target and they are embedded into the mean shift tracking framework. To obtain the
color and texture distribution of the target region, the distribution of color and texture
of the target model is of (8 9 8 9 8 9 5) dimension where first three dimensions
(i.e. 8 9 8 9 8) represent the quantized bins of color channels and the fourth
dimension (i.e. 5) represents the modified LBP texture patterns (Ning et al. [29]).

4 Experimentation

We created a dataset with 10 flower videos. Figure 2 shows an example frame
from each flower videos. These are consist flowers commonly occurring in and
around Mysore city, Karnataka, India. The videos are taken to study the effect of
our proposed method with large intra class variation.

For experimentation we created ground truth for both detection and tracking
phase. In detection phase we asked human expert to draw manually a minimum
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Fig. 2 Shows one example frame from each flower videos created

Sketch Flower

Input Frame

Flower Detection

Fig. 3 Set of flowers video frames with minimum rectangular box fixed by the proposed
detection method on flower region
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87.06 92.10 100 94.13 93.84 

Input Frames Detected Frames with matching score

93.67 92.86 94.59 98.26 100 

Highest 
matching 
score is 
selected.        
(Fifth)

Highest 
matching 
score is 
selected.        
(Fifth)

91.09 89.99 88.82 10092.24 

aatching 
score is 
selected.        
(Fifth)

Fig. 4 Frames detected along with their matching scores for different input frames

(a) 

(b) 

47.52 73.68 10.12 60.23 14.76 

Fig. 5 Misidentification of flowers. a Input frames. b Output of the proposed method with
matching score
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rectangular box on flower region which is treated as ground truth for our experi-
mentation. The sketch is given as input it is detected in the respective frames.
Figure 3 shows some samples of flower images containing minimum bounding
rectangular box fixed by the proposed method. We calculate percentage of
matching by comparing the co-ordinates obtained by the expert and detection

Input Frame Flower Tracking- Human Expert 1-5
Flower Detection 
Matching Score -100

100 100 100 100 100 

87.19 94.50 89.50 92.70 94.50

100 100 100 100 100 

92.58 94.77 98.21 94.24 98.18

100 100 100 100 100 

94.53 96.42 95.46 94.53 99.04

99.34 93.33100 100 100

Fig. 6 Column 1 shows a set of frames. Column 2 Shows the selected frame for tracking through
maximum matching score. Column 3 Tracking matching score between the coordinates obtained
by the proposed method and corresponding human experts
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co-ordinates. The co-ordinates of best matching score between proposed method
and human expert is selected for tracking. Figure 4 shows how best frame is
selected based on their matching score. On the other hand Fig. 5 shows some
samples with misidentification of flower and the percentage of overlapping with
human experts. In tracking phase the best matching score co-ordinates is used to
identify the target region for tracking. We asked five human experts to draw
manually a minimum rectangular box on flower region which is treated as ground
truth. We calculate percentage of matching by comparing the co-ordinates
obtained by the experts and tracking co-ordinates. Figure 6 shows some samples
flower images bounding box fixed by the proposed method, human expert1, human
expert2, human expert3, human expert4 and human expert5 along with their
matching score. Overall, the matching score of bounding box fixed by proposed
method and human experts is shown in Table 1. The Proposed method achieves
93.46 % matching score across five human experts for 10 flower videos.

5 Conclusion

In this work we have used the fast directional chamfer matching to identify the
flower region in videos using sketches provided by user. The coordinates of the
best detected frame are used to track the region of flower using color and texture
information throughout the video. We have conducted experimentation on our own
dataset. To corroborate the efficiency of the proposed method we have created
ground truth where five human experts have identified the flower region by
drawing rectangular bounding box manually. Later we matched the bounding box
drawn by the proposed method with bounding box of human experts to study the
error analysis. In future we intend to develop a multi tracking of flower naming
system based on sketches of the flowers.

Table 1 Overall matching scores for the output of the proposed method w.r.t ground truth
created by 5 human experts

Flower videos no. Human expert 1 Human expert 2 Human expert 3 Human expert 4 Human expert 5

1 95.63 96.04865 94.79122 96.73176 96.51785

2 100 100 100 99.75758 100

3 94.3199 95.45312 98.00295 96.60815 98.26666

4 85.58392 86.23154 88.19397 87.74507 89.79025

5 96.41151 100 93.56215 100 99.92304

6 90.83918 94.79543 89.83116 95.26265 94.8868

7 100 100 100 100 100

8 87.1321 85.45818 85.87476 91.15284 94.3773

9 89.89978 90.02119 88.89532 91.4034 91.69119

10 81.4677 86.31115 86.81036 84.20956 84.65697
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