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With the explosive increase of digital images, intelligent information retrieval systems have become an indispensable tool to
facilitate users’ information seeking process. Although various kinds of techniques like keyword-/content-based methods have
been extensively investigated, how to effectively retrieve relevant images from a large-scale database remains a very challenging
task. Recently, with the wide availability of touch screen devices and their associated human-computer interaction technology,
sketch-based image retrieval (SBIR) methods have attracted more and more attention. In contrast to keyword-based methods,
SBIR allows users to flexibly manifest their information needs into sketches by drawing abstract outlines of an object/scene.
Despite its ease and intuitiveness, it is still a nontrivial task to accurately extract and interpret the semantic information from
sketches, largely because of the diverse drawing styles of different users. As a consequence, the performance of existing SBIR
systems is still far from being satisfactory. In this paper, we introduce a novel sketch image edge feature extraction algorithm
to tackle the challenges. Firstly, we propose a Gaussian blur-based multiscale edge extraction (GBME) algorithm to capture
more comprehensive and detailed features by continuously superimposing the edge filtering results after Gaussian blur
processing. Secondly, we devise a hybrid barycentric feature descriptor (RSB-HOG) that extracts HOG features by randomly
sampling points on the edges of a sketch. In addition, we integrate the directional distribution of the barycenters of all
sampling points into the feature descriptor and thus improve its representational capability in capturing the semantic
information of contours. To examine the efficiency of our method, we carry out extensive experiments on the public Flickr15K
dataset. The experimental results indicate that the proposed method is superior to existing peer SBIR systems in terms of
retrieval accuracy.

1. Introduction

Over the past decades, digital image as one of the most com-
mon media has permeated almost every aspect of our lives.
Especially with the current explosion in imaging technolo-
gies and the wide availability of affordable imaging devices,
the number of images has been soaring at an unprecedented
rate on the Internet, and this is posing a very tough chal-
lenge: how to retrieve the content of interest from a huge

collection of images both efficiently and effectively. To allevi-
ate the suffering, a considerable amount of effort has been
devoted to the development of powerful image retrieval sys-
tems. Among them, content-based image retrieval (CBIR)
approach [1–5] has emerged as an effective solution to
address the challenge. In contrast to keyword-based
methods, CBIR is capable of achieving better retrieval per-
formance by leveraging features such as colors, texture,
shape, and spatial relation. Recently, the rise of touch screen
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and its associated human-computer interaction technology
make it possible for sketch-based image retrieval (SBIR)
[6–9]. Compared to other methodologies, SBIR allows users
to retrieve relevant images by drawing a sketch image of
their desired object/scene on a touch screen. Such a tech-
nique not only provides users with a convenient and intui-
tive way to formulate a query but narrows the semantic
gap between the query and target images and thus is gaining
increasing attention in the image retrieval community.

Despite the ease and flexibility of interaction of SBIR,
there remain two essential factors that could have a signifi-
cant impact on its practicality and accuracy of retrieval. (1)
Feature representation. This is a process of encoding the
key information of a natural image or sketch image into a
feature vector, a.k.a. feature descriptor that can be fed into
subsequent algorithms to perform specific tasks. In the con-
text of SBIR, an effective feature descriptor can not only
work well on natural images but also can be applied to the
semantic information extraction of hand-drawn images
according to the stroke direction and line continuity of the
sketches. In addition, a feature descriptor should also be
robust enough to handle the various varieties of image con-
tent and be capable of eliminating the ambiguity of sketches
caused by the difference in users’ painting skills and styles.
(2) Feature matching. The feature matching is aimed at
measuring the difference between two feature vectors, i.e.,
the feature similarity between an input sketch query and a
nature image in the database. Therefore, a good evaluation
metric should be able to accurately and efficiently quantify
such a difference.

In this paper, we mainly focus on the image feature rep-
resentation and introduce a novel feature descriptor for the
use of SBIR. The main contributions of this work lie in the
following two aspects. Firstly, a Gaussian blur-based multi-
scale edge extraction (GBME) algorithm is proposed to
extract more detailed features by continuously superimpos-
ing the edge filtering results after Gaussian blur processing.
Secondly, a hybrid barycentric feature descriptor (RSB-
HOG) is devised to extract HOG features by randomly sam-
pling points on the edges of a sketch. Since the directional
distribution of the barycenters of all sampling points is inte-
grated into the feature descriptor, we thus get a better handle
on the edge information of an image. According to our
experiments, the proposed method improves the perfor-
mance of SBIR in terms of retrieval accuracy. More specifi-
cally, compared with existing SBIR systems [10–12], it
improves the retrieval accuracy by more than 10% on the
public Flickr15 dataset. Besides, the proposed feature
descriptor can not only accurately capture the semantic
information of both sketch and natural images but is also
superior to peer methods in dealing with the ambiguity
caused by the individual difference in sketch drawing.

The rest of this paper is as follows. In the next section,
we introduce the related work of SBIR. Section 3 details
the proposed RSB-HOG image feature descriptor and the
GBME edge extraction algorithm. To evaluate the effective-
ness of our method, we conduct extensive experiments and
compare it with peer SBIR systems in Section 4. Section 5
concludes the paper.

2. Related Work

In recent years, researchers have paid a lot of attention to the
SBIR and developed various kinds of feature descriptors and
matching methods. This section will briefly introduce several
related algorithms that are widely used in SBIR systems from
the following three aspects: global feature descriptors, local
feature descriptors, and feature matching methods.

As a pioneering work, Dalal and Triggs [13] proposed
the first SBIR system, query by visual example (QVE). Its
concept of feature matching with media databases and the
design of the overall system framework has had a profound
impact on subsequent research. In order to narrow the
semantic gap between hand-drawn sketches and natural
images, many studies have been carried out to develop effec-
tive feature representation (i.e., the selection of feature
descriptors) used in the SBIR system. Existing research on
this problem can be roughly divided into two categories:
global feature descriptors and local feature descriptors.

For the global feature descriptors, they put particular
emphasis on encoding the overall content of an image, such
as the color and spatial structure information. Among them,
the HOG feature descriptor proposed by Saavedra [14] is
one of the representatives. The essence of HOG is to analyze
the gradient direction and highlight the texture and edge
information of an image. It has been validated as an effective
descriptor and widely used in human body detection algo-
rithms. Olivia and Torralba [15] applied the HOG descriptor
to the SBIR system and achieved good retrieval results and
proposed a novel feature descriptor Soft-Histogram of Edge
Local Orientation (S-HELOs) based on HOG. The difference
between S-HELO and HOG lies in the fact that HOG sam-
ples all pixels of an image, while S-HELO samples the edge
area of an image. Furuya and Ohbuchi [12] used the
improved HOG algorithm, gradient field HOG (GF-HOG),
to retrieve the image based on the stroke color information
of the sketch. GF-HOG does not count the HOG features
of all pixels in the image but analyzes the HOG features of
the pixels that form the edges of the image. Fei et al. [16]
proposed the GIST feature descriptors based on the research
of Chalechale et al. [6]. GIST is used to describe scene fea-
tures and transform the image from the spatial domain to
the spectral domain. They defined five spectrograms corre-
sponding to different scenes and compared these spectro-
grams in the feature matching stage. The angular and radial
partitioning (ARP) feature descriptor proposed by Gross
[17] divides an image by angle and radial and counts the num-
ber of valid pixels in the sector after segmentation, while Olivia
and Torralba [15] combined HOG and ARP technology and
introduced a new feature descriptor, angle, radius, and orien-
tation partition (AROP), which counts the gradient direction
of the valid pixels in the fan-shaped area after segmentation.
They also developed a new image preprocessing method, with
which the result after preprocessing is more similar to the
hand-drawn image. These global feature descriptors have the
advantages of smaller feature space and faster matching speed
than the local feature descriptors. However, due to the missing
image details, SBIR systems based on global feature descrip-
tors are not always being satisfactory.
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In contrast to the global feature descriptors, the local fea-
ture descriptors extract features from the local regions of an
image, focusing on the encoding of image details. Bui and
Collomosse [10] improved the HOG feature and proposed
the local feature descriptor, Skethed feature lines in the His-
togram of Oriented Gradient (SHOG). This feature descrip-
tor extracts the HOG feature at the edge of an image to
reduce the original HOG feature space, yielding a faster
matching speed. Wang et al. [4] proposed an edge feature
matching algorithm Edgel index (EI). Compared to other
algorithms, it contains more comprehensive information of
an image and achieves better matching accuracy. Unfortu-
nately, its feature space is too large, which makes it not suit-
able for large-scale image datasets. In order to deal with the
problem of large-scale image retrieval, Saavedra [14] pro-
posed a local feature descriptor TENSOR based on measur-
ing the edge tensor of the image, which significantly reduces
the time overhead of retrieval. Rui et al. [18] proposed the
RST-SHELO local feature descriptor, which uses the sketch
token (ST) algorithm to extract image edges. The ST algo-
rithm is more reliable than traditional image edge detectors
such as the Canny operator. Then, the square root of the
S-HELO feature is normalized to improve the retrieval
accuracy.

Another research branch in the field of SBIR is aimed at
improving the performance of image retrieval by providing
effective feature matching solutions. Rui and Collomosse
[19] first applied the Bag of Feature (BoF) framework for
image retrieval and proved that the framework can reduce
the computational complexity of the SBIR system. This sys-
tem is based on keyword-based retrieval technology, which
treats an image as a collection of visual words generated by
clustering image feature descriptors, and the number of
visual words in each image is regarded as the feature of the
image. Bui and Collomosse [10] pointed out that BoF-
based SBIR systems eliminate the adverse impact of noise
caused by drawing style and the randomness of hand-
painting by using the visual words as the final image feature,
achieving sound retrieval performance. Yi et al. [20] further
explained that this technology reduces the dimension of
image feature space and thus improves the storage and
retrieval efficiency. Fei et al. [16] proposed a new type of
BoF-based image retrieval system using fine-grained
sketches. The system is capable of recognizing the detailed
semantic clues in a sketch and improves the retrieval accu-
racy of the SBIR system. Wang et al. [21, 22] classified users
into different clusters according to their drawing style and
used them as prior information to facilitate image retrieval.
There is also a large body of research that seeks to develop
deep features for content-based image analysis and retrieval
[23–27].

According to the aforementioned analysis, it is not diffi-
cult to find that existing studies are more inclined to use
local feature descriptors as the image feature representation
of hand-drawn sketches. This is because compared to natu-
ral images, hand-drawn sketches have little color and spatial
structure information, and this makes it difficult to gain the
semantic information of a sketch using global feature
descriptors. However, using local feature descriptors may

introduce a considerable amount of noise and be at the
expense of a larger feature space. Therefore, BoF-based
schemes are commonly used to cope with these challenges.
Inspired by these methodologies, we devise a novel edge
extraction algorithm and an RSB-HOG feature descriptor
to improve the accuracy of our SBIR system.

3. The Proposed Method

In this section, we introduce the proposed SBIR system from
the following three aspects, including Gaussian blur-based
multiscale edge extraction (Section 3.2), randomly sampled
with barycenter-HOG (Section 3.3), and feature matching
(Section 3.4).

3.1. The Framework of SBIR. As shown in Figure 1, the
framework of the proposed SBIR system is mainly composed
of the following three modules. (1) Edge extraction module.
This module is developed to extract edges from natural
images using the proposed GBME algorithm, which yields
rich edge details by iterating the edge filtering results after
blur processing. (2) Deep semantic information extraction
module. In this paper, we use the proposed image feature
descriptor RSB-HOG to extract the local edge features,
which can better overcome the ambiguity caused by the
image semantic gap. Then, the BoF is utilized to reduce the
dimensionality of the feature space. We obtain the feature
vectors of images by establishing the visual vocabularies of
the hand-drawn sketch and the image dataset. (3) Feature
matching module. This module is designed to measure the
similarity between a sketch query and the images in the data-
set. We use the top-k most relevant images for performance
evaluation. In our implementation, the number of iterations
in the GBME algorithm is set to 17, and the size of the visual
dictionary in BoF is set to 3000. Such a setting has been
proved to be effective in our experiment.

3.2. Gaussian Blur-Based Multiscale Edge Extraction. Due to
the intrinsic difference between sketches and natural images,
it is difficult to find an effective metric to directly evaluate
their similarity. To tackle this issue, a common practice in
existing SBIR systems is to formulate an intermediate repre-
sentation of a natural image using edge detection algorithms
and compare the similarity between the obtained edge image
and the query sketch. Therefore, the selection of edge detec-
tion algorithms could have a great impact on the perfor-
mance of SBIR systems. Although there are many readily
available edge detectors, the efficiency of SBIR systems based
on them is still far from being satisfactory due to the
aforementioned challenges. In this paper, we propose a
novel edge detection method, Gaussian blur-based multi-
scale edge extraction (GBME), to address this problem.

As shown in Figure 2, (a) is a natural image subset under
the theme of “The Tower of London,” (b) and (c) are the
edge images obtained with the Canny operator and the pro-
posed GBME algorithm, respectively, and (d) shows two
hand-drawn sketches that are relevant to the theme while
(e) shows two nonrelevant sketches. Obviously, the edge
images in Figure 2(c) have more details than those in
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Figure 2(b). Compared to the edge images obtained with our
method, the edge images obtained with the Canny operator
have the risk of mismatching the nonrelevant sketches in
Figure 2(e) due to the absence of the inner structure details
of the object, and this may lead to a low retrieval accuracy.
The proposed GBME algorithm, however, avoids the occur-
rence of false matching problems because of its rich edge
details. In order to obtain more edge features of the image,
the GBME algorithm introduced in this paper adopts an
iterative strategy that extracts edges using edge operators
from multiscale images after Gaussian blur processing and
then takes the sum of the generated edge sets to get an edge
image feature with more details.

Unlike existing SBIR systems [10, 12, 28, 29] that directly
use edge operators (such as Canny, Laplace, and Sobel) to
extract feature edges, the proposed algorithm is intended to
simulate the characteristics of the human eyes by using
Gaussian blur. A previous study [13] pointed out that the
Gaussian bandpass filter is one of the typical models for sim-
ulating human vision. The GBME algorithm performs a

Gaussian blur operation on a given image with different
Gaussian kernel sizes to obtain a collection of images at dif-
ferent scales, which approximates the human eye focusing
process from blur to clear after receiving the visual signal,
making the extracted edge closer to that of the human per-
ception. As can be observed from Figure 2, the edge images
obtained using the proposed GBME algorithm gain more
details than the peer method.

3.3. Randomly Sampled with Barycenter-HOG. To extract the
semantic information from an image, we also introduce a
novel image feature representation, i.e., random sampling
point hybrid barycenter image feature descriptor RSB-
HOG (randomly sampled with barycenter-HOG), which is
an improved algorithm of the global feature descriptor
HOG [14]. As shown in Figure 3, the RSB-HOG feature
descriptor is randomly sampled at the edges. The sampling
points and their center of gravity are visualized in red and
blue, respectively. As highlighted in the red bounding box,
we use gradient direction of the edge as the HOG feature

Sketch query

Intermediate edge representation

Edge superposition

Edge extraction
(GBME)

Features extraction
(RSB-HOG&BoF)

Feature matching

Multi-scale
gaussian blur

Edge 
extraction

Image dataset

GBME edge Edge map

Retrieval results

Random sampling
at edges

RSB-HOG
feature extraction

Similarity
measurement

Visual-book
generation

Figure 1: Framework of the proposed SBIR system.

(a) (b) (c) (d) (e)

Figure 2: Comparison of two edge extraction algorithms. (a) Two natural images under the theme of “The Tower of London”; (b) the edge
images obtained with the Canny operator; (c) the edge images obtained with the proposed GBME algorithm; (d) two hand-drawn sketches
that are relevant to the theme; (e) two hand-drawn sketches that are nonrelevant to the theme.
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of the sampling point (red) and count the directional distri-
bution from the center of gravity (blue dots) of the above
sampling points to each sampling point to form a directional
distribution histogram as a supplement to the sampling
point features. Mathematically, the feature space of RSB-
HOG G is given by the following:

G = F, B½ �, ð1Þ

F = f1, f2,⋯,f N½ �, ð2Þ

where N is the number of random sampling points, f is the
feature vector of a single random sampling point, and B is
the feature vector of the center of gravity point.

For the definition of the image edge, since the input of
the feature extraction step is the hand-drawn sketch and
the image edge set, which is essentially a binary image, there-
fore, if any pixel in the input image has a grey value, the
point can be defined as an edge point. Let grayðx, yÞ be the
gray value of the pixel at ðx, yÞ in an image, and its edge
attribute IsEdgeðx, yÞ is 1 if it is an edge point, otherwise 0.
That is,

IsEdge x, yð Þ =
1, if gray x, yð Þ > 0,
0, otherwise:

(
ð3Þ

The steps of RSB-HOG feature extraction are sum-
marised as follows:

(i) Calculate the gray gradient of all pixels in the input
image

(ii) Randomly sample the edge point set of the image to
obtain the sampling point set S, and the number of
points is denoted as β

(iii) Calculate the HOG feature vector f of the sampling
point. For the sampling point sðs ∈ SÞ, the coordi-
nate of the point on the input image is ðx, yÞ, and
its gray value is grayðx, yÞ:
(a) Set the window w with this point as the center.

The size of the window is set to w =M ×N

(b) Set the slider c with a size of m × n in the win-
dow w, and move the slider in the window from
top to bottom and from left to right by a given
step ðαx, αyÞ. For each step, record the current
position of the slider as ciði ∈ f1, 2,⋯,λgÞ, where
λ is the total number of times the slider can be
moved and is given by the following:

λ = M −m
αx

� �
× N − n

αy

& ’
: ð4Þ

(c) Project the gradient direction of all points in ci, and
use the histogram hs to count the number of times
of the gradient direction grad of each point that hits
the calibration direction:

hs kð Þ =
hs kð Þ + 1, ifd ∈ π

6 k − 1ð Þ, π6 k
h i

,

hs kð Þ, otherwise,

8<
: ð5Þ

where k ∈ f1, 2,⋯,12g.

HOG window

Sample points
Barycentre

Barycentre feature

HOG feature

Figure 3: RSB-HOG feature descriptor. The sampling points and their center of gravity are visualized in red and blue, respectively.
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(d) Normalize the histogram hs, and the result will be
the HOG feature vector f of the sampling point,
and its feature dimension is λ

(iv) Calculate the center of gravity of all sampling points:
B =∑s/β

(v) Project the direction from the center of gravity b to
each sampling point s, and use the histogram hb to
count the number of times that each direction d hits
the calibration direction:

hb kð Þ =
hb kð Þ + 1, ifd ∈ π

6 k − 1ð Þ, π6 k
h i

,

hb kð Þ, otherwise,

8<
: ð6Þ

where k ∈ f1, 2,⋯,12g.

(vi) Normalize the histogram hb to obtain B, and com-
bine F and B to formulate the RSB-HOG feature G
= ½F, B�

In our method, a modest large sampling window size
tends to achieve better retrieval performance than smaller
ones, since it provides richer details of local information.
However, the final accuracy may decrease when the window
size exceeds a threshold, i.e., the predefined total number of
sampling points. In such cases, some of the candidate points
in the window will be discarded randomly, and this may fail
to maintain sufficient local information and thus decrease
the retrieval performance. In our implementation, the sizes
of the sampling window and slider are empirically set to
256 × 256 and 80 × 60, respectively, and the number of sam-
pling points of RSB-HOG is set to 500. Since there are 500
sampling points of the whole image, the number of extracted
features using HOG is 143 × 500 = 71,500.

To reduce the image semantic disturbance caused by
random sampling and the image feature space, we adopt
the BoF method that clusters the local features of each
image, and the obtained class centers are defined as visual
words in the visual codebook, and each feature in the image
will be mapped to the visual dictionary. Therefore, each
image can be regarded as an unordered collection of multi-
ple visual words, i.e., the image visual vocabulary, and the
number of visual words represents the size of the visual
vocabulary. The matching of image features is transformed
into the similarity comparison of the image visual vocabu-
lary. Compared with the high-dimensional feature space of
the image, the visual vocabulary is a histogram vector whose
dimension is determined by the visual dictionary, which
consumes less space. The specific steps are as follows:

(1) Use the k-means++ algorithm to cluster the feature
sets of all input images, and the generated centroids
are visual words. The number of centroids is the total
number of visual words of the visual dictionary

(2) Map the feature points of each image to the visual
vocabulary obtained in step 1, and count the number
of occurrences of the visual vocabulary in each image
to construct the visual vocabulary of the image

(3) As did in step 2, construct the visual vocabulary for
hand-drawn sketches

(4) Obtain the final visual vocabulary by combining the
two visual vocabulary sets using the TF-IDF algo-
rithm [3].

3.4. Feature Matching. In the feature matching module, we
take the results obtained in the previous module as the input
to evaluate the similarity between a sketch and a natural
image. There are many evaluation metrics that can be used
to measure the similarity of two feature vectors, including
cosine similarity, root mean square distance, average abso-
lute distance, and histogram intersection distance. In our
experiment, we found that the cosine similarity metric is
superior to other metrics in the context of this work and
thus is adopted by us to perform feature matching. The
input includes the visual vocabulary of the hand-drawn
sketch and the visual vocabulary matrix of the image set,
denoted by vsketch and V img, respectively. A row in the visual
vocabulary matrix represents the visual vocabulary of an
image in the image set, i.e., viimg ∈ V img. The cosine similarity
metric COS is defined as follows:

COS =
∑Φ

i=1vsketch × viimgffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑Φ

i=1 vsketchð Þ2
h i

× ∑Φ
i=1 viimg
� �2h ir , ð7Þ

where Φ is the number of natural images in the dataset and
λ is the number of visual vocabulary of BoF.

4. Experiment

To verify the efficiency of the proposed method, we conduct
extensive experiments and compare it with several peer
methods in this section. In addition, we also investigate the
influence of different parameters on the accuracy of image
retrieval.

4.1. Experiment Setup. We use Flickr15K [20] as the image
dataset for comparison, since it is a well-recognized SBIR
dataset and widely used by many other existing studies [10,
12, 16, 20, 28]. This dataset is divided into three parts: image
set, sketch set, and ground-truth. Among them, the image
set contains 14,660 natural images randomly crawled from
the Flickr picture sharing website. All images are divided
into 60 basic categories such as “pyramid,” “bird,” and
“heart_shape.” Figure 4 shows some examples of the natural
images in the set. On average, each category contains more
than 200 images. The sketch set contains 330 hand-drawn
sketches that belong to 33 types of objects drawn by 10 users
without professional drawing experience; The ground-truth
file contains the information on whether a natural image is
related to a sketch. For example, a sketch of a simple circle
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should be relevant to the natural images in the categories of
“fire balloon,” “London eye,” “moon,” etc.

The experiments were carried out on a PC equipped with
an Intel Core i7-4970 processor that operates at a speed of
3.6GHz and with 16GB of RAM. The PC runs Windows
10 (64-bit) as its operating system. The development envi-
ronment used to implement our method is Microsoft Visual
Studio 2015. The mean average precision (MAP) and
precision-recall (PR curve) are used as the evaluation met-
rics of the SBIR systems.

4.2. Overall Performance Evaluation of SBIR Systems. To
demonstrate the superiority of the proposed method (hence-
forth referred to as RSB-HOG-BOF), we compare it with
peer advanced SBIR systems, including SHOG-BOF [10],
GFHOG-BOF [12], InvertedIndex [12], and CDMR-BF-
fGALIF [28]. For fair comparison, we obtained the perfor-
mance on the test data of each system following the same
parameter setting that achieves the best performance as
reported in the original paper. The performance in terms

Pyramid Bird Heart

Figure 4: Some samples of the images in the Flickr15K dataset.
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Table 1: Comparison of MAP in different edge extraction methods.

Method MAP

SHOG-BOF-EDGE1 19.31%

SHOG-BOF-EDGE2 15.51%

InvertedIndex-EDGE1 20.64%

InvertedIndex-EDGE2 18.21%

Table 2: Comparison of MAP in various methods.

Method MAP

RSB-HOG-BOF (ours) 25.85%

CDMR-BF-fGALIF 22.50%

InvertedIndex 18.21%

SHOG-BOF 15.51%

GFHOG-BOF 8.27%
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of MAP and PR of different SBIR systems is illustrated in
Figure 5 and Table 1, respectively.

As can be seen from Figure 5, the proposed RSB-HOG-
BOF achieves higher image retrieval accuracy than other sys-
tems except for CDMR-BF-fGALIF under different recall

rates. GFHOG-BOF has a steep drop in accuracy in the
recall interval of [0, 0.02], and SHOG-BOF and InvertedIn-
dex also show a significant decrease of accuracy in the recall
interval of [0, 0.1]. In contrast, as the recall rate increases,
the accuracy of RSB-HOG-BOF decreases smoothly
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Figure 6: Comparison of PR curves of different edge extraction methods in (a) SHOG-BOF and (b) InvertedIndex SBIR systems.
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compared to other systems. In the recall interval [0.4, 1], the
accuracy of CDMR-BF-fGALIF surpasses the other four
methods.

In addition, the MAP value of each method, as shown in
Tables 1 and 2, is calculated as an index to evaluate the dis-
crimination ability of each method. From Table 2, we can see
that under the same image set and sketch query, the MAP
value of the proposed RSB-HOG-BOF is the highest among
all the methods. More specifically, compared to CDMR-BF-
fGALIF and InvertedIndex, it improves the performance by
14% and 40.86%, respectively. Besides, GFHOG-BOF under-
performs other methods since the GF-HOG is a global fea-
ture descriptor and loses too many image details after
calculating the tensor at the edge of the image and solving
the tensor sparse matrix.

4.3. Efficiency Evaluation of the Proposed GBME Algorithm.
To test the effectiveness and versatility of the proposed
GBME edge extraction algorithm, we conduct another
experiment by comparing it with the Canny edge detector
used in two SBIR systems, i.e., the SHOG-BOF system and
the InvertedIndex system. We denote the test instances
using the GBME edge detector as SHOG-BOF-EDGE1 and
InvertedIndex-EDGE1 and the test instances using the
Canny edge detector as SHOG-BOF-EDGE2 and Inverte-
dIndex-EDGE2, respectively. Likewise, the MAP and PR
curves are used to evaluate the efficiency of different edge
detectors. The experimental results are shown in Figure 6
(Table 3) and Table 1. As can be seen from Figure 6(a)
and Table 3(a), the performance of SHOG-BOF-EDGE1 is
significantly better than that of SHOG-BOF-EDGE2.

Table 3: Performance comparison in terms of precision and recall between the Canny edge detector and the proposed GBME in the (a)
SHOG-BOF and (b) InvertedIndex SBIR systems.

(a)

Recall@ 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

P@SBE2† 0.435 0.243 0.184 0.144 0.115 0.094 0.077 0.063 0.051 0.041 0.030

P@SBE1‡ 0.495 0.313 0.245 0.193 0.153 0.117 0.090 0.070 0.055 0.042 0.030
†Precision@SHOG-BOF-EDGE2 (the Canny edge detector). ‡Precision@SHOG-BOF-EDGE1 (the proposed GBME edge detector).

(b)

Recall@ 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

P@IIE2† 0.488 0.334 0.262 0.211 0.167 0.126 0.088 0.061 0.047 0.033 0.024

P@IIE1‡ 0.465 0.339 0.281 0.239 0.203 0.168 0.131 0.102 0.076 0.054 0.030
†Precision@InvertedIndex-EDGE2 (the Canny edge detector). ‡Precision@InvertedIndex-EDGE1 (the proposed GBME edge detector).
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Figure 7: The influence of the number of iterations S on retrieval accuracy.
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Additionally, the accuracy of SHOG-BOF-EDGE1 decreases
more smoothly in the recall interval of [0, 0.1], while the
edge SHOG-BOF-EDGE2 decreases sharply. In Table 1, we
can see that SHOG-BOF-EDGE1 improves the MAP by
24.50%, compared to SHOG-BOF-EDGE2. And in
Figure 6(b) and Table 3(b), the accuracy of InvertedIndex-
EDGE1 and InvertedIndex-EDGE2 is almost equivalent in
the recall interval [0, 0.15], and then, the former decreases
more slowly than the latter. In terms of MAP value, the for-
mer is 20.63% higher than the latter. From the experimental
results, we can draw the following conclusions. The pro-
posed image edge extraction algorithm GBME improves

the retrieval accuracy of multiple SBIR systems compared
to the peer method. It also confirms the assumption that
edge images with richer details could benefit the perfor-
mance of the SBIR systems.

4.4. Impact of Different Parameters on SBIR Performance

4.4.1. The Influence of the Number of Iterations S on
Retrieval Accuracy. The proposed GBME algorithm itera-
tively executes Gaussian operators with different kernel sizes
to extract image edges. Therefore, the number of iterations S
could have an impact on the performance of SBIR systems.
To investigate the impact, we conduct an experiment by
constructing an SBIR system with RSB-HOG as its feature
descriptor. The system is denoted as RSB-HOG-BOF. We
increase the value of S from 11 to 20 with a step size of 1.
The MAP is used to measure the retrieval accuracy of the
system. The larger the MAP, the better the retrieval perfor-
mance of the system.

The experimental result is shown in Figure 7. It can be
seen from the figure that the parameter S has a great impact
on the retrieval accuracy of the system. In the beginning, as
the value of S increases, the MAP value of the system grad-
ually increases, which indicates that the increase in the num-
ber of iterations results in the detected edges with richer
details. As a consequence, the system uses more image infor-
mation for feature matching, and the retrieval accuracy
gradually increases. When the MAP value reaches the max-
imum, the MAP begins to decrease. Too many iterations will
make the detected edges contain more background informa-
tion of a natural image, and this will have an adverse impact
on the retrieval accuracy of the system. Therefore, we set S to
17 in our implementation according to the analysis of this
experiment.
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4.4.2. The Influence of the Number of Visual Words λ on
Retrieval Accuracy. λ is the number of visual words con-
tained in the visual dictionary in the BoF module, which
controls the size of the centroid in the clustering operation
of the image feature space and the degree of feature reduc-
tion in the BoF process. That is, the value of λ is related to
the spatial size of the image processed by the module and
the computational complexity of the feature similarity calcu-
lation in the subsequent steps. The larger size the visual
vocabulary, the stronger the ability to express the image,
but it also leads to larger feature space and greater computa-
tional complexity of the feature matching. Therefore, in
order to find a proper value, we use the Flickr15K dataset
and the RSB-HOG-BOF system and calculate the MAP
under different visual vocabulary settings. In our experi-
ment, we increase the value of λ from 500 to 5000 with a step
size of 500. The experimental results are shown in Figure 8.
It can be seen from the figure that the MAP value increases
rapidly as the value of λ increases at the beginning. When
λ > 3000, the curve gradually becomes smooth. In the inter-
val of [3000, 5000], the increase rate of MAP is less than 1%,
and is accompanied by data oscillation. Since too many
visual words will increase the complexity of the system in
the calculation of similarity, so we choose 3000 as the value
of the parameter λ in our implementation.

4.4.3. The Influence of Different Similarity Metrics on
Retrieval Accuracy. In the feature matching module of this
system, the visual vocabulary of the hand-drawn sketch
and the visual vocabulary matrix of the image set are used
to calculate the similarity, and the most relevant natural
images in the image library are found out for the input
sketch query. Therefore, different similarity metrics may
harvest different similarities for a given pair of feature vec-
tors, and the final retrieval results will also change. In this
experiment, we also use the RSB-HOG-BOF system to
examine the difference of different similarity metrics, includ-
ing cosine similarity (COS), root mean square distance
(MSD), average absolute distance (MAD), and histogram
intersection distance (HI). The experimental result is shown
in Figure 9. As can be seen from the figure, the performance
of the system using COS as the similarity metric is the best
(25.65%), which is higher than the other methods. We thus
use COS as the metric for feature matching.

5. Conclusion

In this paper, we have presented a novel edge extraction
algorithm and an effective image feature descriptor to
improve the performance of SBIR systems. In the prepro-
cessing stage, the proposed GBME edge detector is first used
to convert a natural image into intermediate edge represen-
tation. Compared with conventional edge extraction algo-
rithms, it not only captures more essential details but
narrows the semantic gap between sketches, edge features,
and natural images. In addition, a novel image feature
descriptor, RSB-HOG, has also been devised to localize
HOG features and add information about the center of grav-
ity of sampling points, and this enhances the ability to dis-

tinguish between image feature details and image contours.
Furthermore, we use the BoF framework to convert image
features into a visual vocabulary to reduce the dimension
of feature space and time overhead of feature matching.
The experimental results on the public Flickr15K dataset
demonstrate the superiority of the proposed method over
several existing peer SBIR systems.
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