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Enhancing Sketch-Based Image Retrieval by
CNN Semantic Re-ranking

Luo Wang, Xueming Qian
and Xiaochun Cao

Abstract—This paper introduces a convolutional neural net-
work (CNN) semantic re-ranking system to enhance the per-
formance of sketch-based image retrieval (SBIR). Distinguished
from the existing approaches, the proposed system can lever-
age category information brought by CNNs to support effective
similarity measurement between the images. To achieve effective
classification of query sketches and high-quality initial retrieval
results, one CNN model is trained for classification of sketches,
another for that of natural images. Through training dual CNN
models, the semantic information of both the sketches and natu-
ral images is captured by deep learning. In order to measure the
category similarity between images, a category similarity mea-
surement method is proposed. Category information is then used
for re-ranking. Re-ranking operation first infers the retrieval
category of the query sketch and then uses the category simi-
larity measurement to measure the category similarity between
the query sketch and each initial retrieval result. Finally, the
initial retrieval results are re-ranked. The experiments on differ-
ent types of SBIR datasets demonstrate the effectiveness of the
proposed re-ranking method. Comparisons with other re-ranking
algorithms are also given to show the proposed method’s supe-
riority. Further, compared to the baseline systems, the proposed
re-ranking approach achieves significantly higher precision in the
top ten different SBIR methods and datasets.

Index Terms—Classification, convolutional neural network
(CNN), re-ranking, sketch-based image retrieval (SBIR).
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I. INTRODUCTION

EXT-BASED image retrieval systems [1]-[4], [60]-[62]
Tretrieve images by some keywords. Although they are
widely applied, keywords are sometimes not sufficient to
express the desired pictures clearly. So, content-based image
retrieval (CBIR) systems [6]-[8], [54], [63]-[65], which
retrieve images by exemplar images, emerge. CBIR systems
often use the saliency detection techniques [55]-[57], [67] to
detect the saliency regions of images, and then the regions are
used for image retrieval. Besides, algorithms for content-based
video retrieval and processing [5], [68] exist.

However, sometimes there is not an exemplar picture as the
query image. At this very moment, the sketch-based image
retrieval (SBIR) system is useful. SBIR systems just need
users to draw a simple sketch with a few lines or shapes as
the query image. Lines and shapes tend to reflect primary out-
lines of a desired object and bring little redundant information.
Therefore, sometimes sketches are more capable of expressing
users’ search intentions.

Most existing SBIR research works focus on devis-
ing a novel SBIR algorithm [9], [11], [12], [14], [35], [46].
However, to improve the accuracy of SBIR systems, apart from
designing a novel SBIR algorithm, the SBIR re-ranking tech-
nique is also a good choice [9], [52]. Unlike a novel SBIR
system, an SBIR re-ranking system, which is added at the
back of SBIR systems, aims to re-rank the initial retrieval
results provided by SBIR systems. An effective and time-
saving SBIR re-ranking method can significantly improve
the performance of an SBIR system without adding much
time cost.

For an SBIR re-ranking system, there exist four challenges.
The first is that the re-ranking system should adjust to dif-
ferent SBIR systems. The second is that a proper feature for
representing the initial retrieval results and a ranking scheme
based on this type of feature should be devised. The third
is that the influence of noisy images contained in the initial
retrieval results need to be reduced. The fourth is that an SBIR
re-ranking system needs to save time in comparison with the
initial SBIR systems.

To address these four challenges, we use the category
information brought by convolutional neural network (CNN)
classification as the shared feature for both query sketches
and natural images. Then, a category information measurement
method is utilized to compare the category information of dif-
ferent images. Finally, the initial retrieval results are re-ranked
with the aid of category similarity.
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Fig. 1. Framework of the proposed SBIR re-ranking system. Query refers to
a query sketch, and Image Dataset contains all the natural images that were
needed in this paper. The query sketch and natural images are put into the
SBIR system to generate the initial retrieval results. Q-Net and N-Net are two
CNNs. Once they are trained, they are utilized to get the category informa-
tion of the query sketch and the initial retrieval results, respectively. Finally,
with the help of category information, initial retrieval results are re-ranked in
re-ranking.
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The proposed method is able to deal with the four chal-
lenges. First, the proposed re-ranking system deals with
various initial SBIR systems. For an initial SBIR system, as
long as each of its retrieval results has a feature distance, our
re-ranking method can perform re-ranking with the aid of cat-
egory similarity. Second, category information of sketches and
initial retrieval results are extracted to be the shared feature of
sketches and natural images. Through CNN-based image clas-
sification, soft-max vectors of sketches and natural images are
comparable. So, the category information is a feasible feature
for designing an SBIR re-ranking scheme. Third, noisy images
are reduced after re-ranking. When a noisy initial retrieval
result looks similar to the relevant results, our re-ranking
method can often pick out it. Fourth, experiments show that
re-ranking takes much less time than initial SBIR systems.

The framework of our entire SBIR re-ranking system is
shown in Fig. 1, and the system is implemented according
to the following steps.

1) Initial SBIR System: An SBIR system is implemented to

get the query sketch’s initial retrieval results.

2) Image Classification Using Q-Net and N-Net: Two
CNNs, O-Net and N-Net, are used for sketch and natu-
ral image classification. And then category information
of sketches and natural images is obtained.

3) Category Similarity-Based Re-ranking: With the aid of
category information of sketches and natural images,
initial retrieval results are re-ranked.

There are three main contributions in this paper.

1) We propose a CNN semantic re-ranking system that
can greatly improve the retrieval performance of SBIR
systems. The re-ranking system does not need human—
computer interaction during re-ranking, which makes the
re-ranking system both effective and time saving.

2) We propose a new method to bridge the domain gap
between sketches and natural images. Our method uses
two CNNSs to learn sketch semantics and natural image
semantics separately. By this means, we can learn each
image domain’s semantic characteristics well.

3) We propose a category similarity measurement method
to compare the category similarity between two images.
Category information extracted from vectors of the soft-
max layer learns comprehensive semantic information of
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images, so the comparison between category information
performs well.

The remainder of this paper is organized as follows.
Work related to SBIR re-ranking, the methods to bridge
image domain gap and CNN classification are reviewed
in Section II. Section III states initial SBIR systems and
CNN structures, following which we describe the proposed
re-ranking approach in Section IV. Our experiments are
presented in Section V. Then, the discussion is given in
Section VI. Finally, we present our conclusions in Section VII.

II. RELATED WORK

In recent years, SBIR has become a hot research area. Apart
from designing a novel SBIR algorithm, the SBIR re-ranking
technique is also a good choice. This paper proposes an
SBIR re-ranking approach based on CNN classification. In
this approach, CNN category information is extracted to be
the shared feature of sketches and natural images, thus bridg-
ing the domain gap between sketches and natural images.
So, existing methods for SBIR re-ranking, existing methods
for bridging the image domain gap, and existing methods for
image classification are also described in this section.

A. SBIR Re-ranking

SBIR re-ranking methods often use relevance feedback to
do re-ranking. Relevance feedback first gathers the relevance
information from initial retrieval results and then the relevance
information is used as the basis for re-ranking. As for relevance
feedback for SBIR re-ranking methods, explicit feedback and
blind feedback are the two most commonly used ways. Explicit
feedback needs assessors to provide the relevance information,
where assessors know that the feedback provided is interpreted
as relevance judgments. Conversely, blind feedback does not
need human—computer interaction; the relevance information
is automatically obtained from the initial retrieval results.

Portenier et al. [51] put forward a re-ranking method based
on explicit feedback. This re-ranking method is based on
clustering initial retrieval results of an SBIR method. First,
they extract low-level features and deep features of the initial
retrieval results. After this, a clustering algorithm is utilized to
cluster them according to the extracted features. Finally, the
images from high-score clusters are re-ranked in front of those
from low-score clusters. Besides, Matsui et al. [52] devised an
SBIR re-ranking method, which is also based on explicit feed-
back, for the search of Japanese comics. After the method gets
initial retrieval results, a re-ranking algorithm is implemented
by manually choosing one of the initial results or its modified
version as the new query.

There are also SBIR re-ranking methods based on blind
feedback. In our previous work [9], we propose a re-ranking
system to optimize the retrieval results of SBIR methods. It
uses initial result grouping, re-ranking via visual feature verifi-
cation (RVFV), and contour-based relevance feedback (CBRF)
to search for more relevant images. The grouping method is
used to find some images as the standard images, where edge
maps of the standard images are taken as the new queries of
RVFV and CBRFE. RVFV and CBRF reduce the number of
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false positive results and make the top-ranked images more
relevant to the input query sketch.

Since re-ranking methods based on blind feedback do
not need human—computer interaction, these methods provide
a better user experience. Accordingly, we propose an SBIR
re-ranking approach using CNN semantic information. Since
CNN performs well in understanding image semantics, our
proposed re-ranking works well.

B. Methods to Bridge the Domain Gap

SBIR systems need to bridge the domain gap between
sketches and natural images. A descriptor accordingly should
be developed to be able to represent the features of both query
sketches and natural images. Generally speaking, there are two
strategies that have been adopted.

On the one hand, the edge maps of natural images are
extracted, and a descriptor is used to get a type of fea-
ture from sketches and natural images’ edge maps. In this
circumstance, an edge extraction method, such as Canny
edge detector [30] and Berkeley detector [15], is often used
to extract edge maps of natural images. A large num-
ber of existing SBIR methods adopt this strategy to over-
come the domain gap [9], [11]-[14], [19], [23], [27], [31],
[34], [36]-[39], [42], [43]. After edge maps are obtained,
a shared feature is used for retrieval. These features include
histograms of oriented gradients [13], angular radial parti-
tioning [10], and its enhanced version angular radial orien-
tation partitioning (AROP) [23], [27]. Deep features are also
used [31], [42], [43].

On the other hand, there are SBIR
descriptors [28], [40], [41], [44], [47], [48] allowing nat-
ural images themselves as inputs. These descriptors do not
have to translate natural images into edge maps. Given
that natural images contain more semantic information than
edge maps, the introduction of natural images as the inputs
for cross-domain descriptors benefits SBIR methods. These
SBIR descriptors, which allow natural images themselves as
inputs, primarily endeavored to learn the semantic connection
between sketches and natural images.

Different from these SBIR systems, the attention of our
SBIR re-ranking system is on learning the respective semantic
information of sketches and natural images. So, our re-ranking
system, which makes good use of the characteristics of both
image domains, enhances the performance of SBIR methods.

C. CNN-Based Image Classification

Various algorithms have been created to classify
images [16]-[18], [25], [49], [50], [66]. Among them,
deep CNNs have shown their ability to understand the seman-
tics of different types of data. CNN-based image classification
has thus developed rapidly and performed well. AlexNet [16],
VGGNet [17], GoogLeNet [18], and ResNet [49], as four
state-of-the-art CNNs, ranked at the top in the ImageNet
large-scale visual recognition competition (ILSVRC). In
addition to image classification for general natural scene
images, there are also CNNs specifically designed for sketch
classification [25], [50].

IEEE TRANSACTIONS ON CYBERNETICS, VOL. 50, NO. 7, JULY 2020

The four state-of-the-art CNNs are good at classifying nat-
ural images. So, these CNNs can be trained or fine-tuned to
be the classifiers of this paper.

IIT. INITIAL SBIR SYSTEM AND CNN STRUCTURE

As shown in Section I and Fig. 1, the proposed SBIR
re-ranking system has three steps. In this section, we describe
the first step. This step contains the initial SBIR system and
the CNN structures for Q-Net and N-Net. Two following steps,
which are our theoretical contributions, are presented in the
next section.

A. Initial SBIR System

A query sketch ¢ and a natural images set A = {a,‘}l(:1
are put into an initial SBIR system to perform the initial
SBIR. The SBIR system sorts these natural images, thus get-
ting the query sketch’s initial retrieval results B = {bk}{.zl.
Each natural image has an initial feature distance between
itself and the query sketch.

The initial SBIR system can be based either on low-level
features (e.g., Edgel [11] and AROP [23], [27]) or on deep
semantic features (e.g., AlexNet [16] and GN Triplet provided
by [28]).

As SBIR methods vary a lot from one SBIR method to
another, we simply describe the process that is followed by
most of the existing SBIR methods. Generally speaking, most
existing SBIR methods follow the steps.

1) Feature Extraction: Develop a type of shared feature
for both sketches and natural images, and extract the shared
features for both sketches and natural images, and extract the
shared features for the query sketch g and the natural images
A={a}_,.

2) Feature Matching: For each natural image a;, the feature
distance calculated through comparing the shared features of
the sketch ¢ and the natural image a;, as shown in

D(i) =dist(fy. ;). i=1,....1 (1)

where f; is the feature of g, f; is the feature a;, dist(-) is
a function that calculates the distance between two features,
and D(i) is the feature distance between ¢ and a;.

3) Distance Ranking: The gained feature distances are
sorted in ascending order, and the images corresponding to
the resulting sequence S = {S(k)}i=1 are the initial retrieval
results. S(k) represents the initial feature distance between the
query sketch g and the initial retrieval result that is ranked kth.

Algorithm 1 shows the entire process of initial SBIR.

B. CNN Structures

In this paper, two CNN models, O-Net and N-Net, are
used. O-Net is for sketch classification and N-Net for natural
image classification. The models output the category infor-
mation of sketch and natural images. This section describes
the structure of CNNs used for image classification. With this
CNN structure, O-Net and N-Net fulfill the task of image
classification.
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Fig. 2. Structure of Q-Net or N-Net. The input of O-Net and N-Net are a sketch and a natural image, respectively. Generally speaking, the CNN starts with
m pairs of a convolution layer and a pooling layer. After this, n fully connected layers follow. And the last layer of the CNN must be a soft-max layer, which
outputs a vector whose each element is the probability of the image belong to a category.

Algorithm 1 Initial SBIR

Input: Query sketch g; Natural image retrieval gallery A = {ai}{: 1
Qutput: Initial feature distance set S = {S(k)},’(z 1> Initial retrieval
results B = {bk}?il.
1: Define a type of shared feature for both sketches and
natural images.
: Get Q’s shared feature fy.
:Fori=1,...,1do
Get a;’s shared feature f;.
Calculate the feature distance D(i) between fq, f;
using Eq. (1).
: End
7: Sort the sequence D(1), D(2), ..., D(I) in ascending
order.
8: The M highest-ranked images B = {bk}{zl of the
resulting sequence to be the initial retrieval results.
9: The resulting sequence is the initial feature distance set
S = {S(‘k).}£=1. The corresponding images B = {bk}i=1
are the initial retrieval results.

(o))

The CNN structure for O-Net or N-Net is shown in Fig. 2.
O-Net (or N-Net) is a CNN with several convolution lay-
ers, several pooling layers, several fully connected layers, and
a soft-max layer at the end to do image classification. To
support the classification work of the soft-max layer, when
sketches and natural images for training are divided into C
categories, the number of output neurons of the last fully
connected layer is set to C.

In this paper, we test the performance of AlexNet, VGGNet,
and GoogLeNet, and GoogLeNet performs the best.

IV. PROPOSED RE-RANKING APPROACH

As shown in Section I and Fig. 1, after initial SBIR system,
our re-ranking system implements the following two steps:
1) image classification using Q-Net and N-Net and 2) cate-
gory similarity-based re-ranking. These two steps, which are
the theoretical innovation of this paper, compose the proposed
re-ranking approach.

A. Image Classification Using Q-Net and N-Net

Two CNN models, containing Q-Net for sketch classifica-
tion and N-Net for natural image classification, are used. The

models output the category information of sketch and natu-
ral images. Besides, the method for comparing the category
similarity between two images is given.

1) Training Q-Net: A CNN that has the structures of
Fig. 2 is chosen to be Q-Net. It is an untrained CNN model.
For training, sketches for training are divided as C categories.

When sketches are not enough to train a deep CNN, we
can utilize edge maps of natural images as an alternative of
sketches to increase the amount of sketches for training. To
extract edge maps from natural images, Berkeley detector [15]
is used. Another way to increase the number of sketches is
that we can mirror and shift the sketches and/or edge maps,
respectively.

The sketches and/or edge maps are then put into Q-Net to
do iterative training.

2) Training N-Net: As for natural images for training
N-Net, natural images themselves are used. Training N-Net is
fine-tuning a pretrained CNN model trained on ImageNet [29].
The final fully connected layer is renewed during fine-tuning,
while the pretrained weights of other layers remain unchanged.
Besides, the natural images for training are divided as the same
C categories as sketches.

Edge maps of natural images can be the substitutes of natu-
ral images. However, since natural images themselves contain
full semantic information of a natural scene, natural images
themselves are preferred for training N-Net.

3) Image Classification: After training Q-Net and N-Net
with a substantial number of iterations, Q-Net and N-Net are
used for image classification of the query sketch and the initial
retrieval results, respectively. Consequently, a sorted soft-max
vector (SSV) and a label recording vector (LRV) together are
as the category information of a sketch or an initial retrieval
result.

The category information is generated through the following
steps.

Step 1 (Soft-Max Vectors Extraction): As shown in Fig. 2,
the output vector of Q-Net/N-Net is produced by a soft-max
layer, so we mark this vector as soft-max vector. To do image
classification, the query sketch g and the M highest-ranked
initial retrieval results B = {bi}?i | are taken into consider-
ation. M is often smaller than initial retrieval results’ total
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number /. The sketch is fed into Q-Net, and the M initial
retrieval results are fed into N-Net. We thus extract one soft-
max vector for ¢ and M soft-max vectors for B = {bi}f.‘i 1
Each element of a soft-max vector represents the probability
of an image belonging to the corresponding category.

Step 2 (Soft-Max Vectors Sorting): For the just obtained
M + 1 soft-max vectors, we sort every vector in descend-
ing order. The resulting vectors are SSV. As a result,
U, = (g, 1D,pq.2),..., p(g, C)) is the query sketch
q’s SSV. For the initial retrieval results in B, U; =
(@, 1), p@,2),...,p3, C)) is b;’s SSV. Consequently, the ith
element of an SSV is the probability of the ith most probable
category of an image provided by Q-Net or N-Net.

Besides, an LRV is generated for every SSV, where the
ith element of an LRV is the category label of the ith
element of the corresponding SSV. As a result, L, =
(I(gq, 1), 1(q,2),...,lg, C))is ¢’s LRV. For the initial retrieval
results in B, L; = (I(i, 1), 1(i, 2), ..., 1(i, C)) is b;’s LRV.

Algorithm 2 shows the entire process of image classification
using O-Net and N-Net.

Instead of storing all elements of SSVs and LRVs, we
merely store the N highest-ranked elements. In other words,
only category information of the N most probable categories
remained.

The reasons for only storing N elements of SSVs and LRVs
are as follows. For the SSV and LRV of an image provided
by a CNN classifier, the sum of several highest-ranked prob-
abilities of SSV is frequently greater than 90%. The correct
category of an image is frequently among the top N categories.

B. Category Similarity-Based Re-ranking

In this section, the category information of the query
sketch ¢ and its initial retrieval results B = {b,-}?i | are
fused into the re-ranking system to get the final retrieval
results. The re-ranking system consists of the following three
parts: 1) query category inference; 2) category consistency
measurement; and 3) ranking.

1) Query Category Inference: In an SBIR system, the query
sketch is taken as the standard, and the natural images that are
similar to the standard sketch are preferred. Inspired by this,
at this stage, we pick out a category R to be the query sketch
q’s category. The initial retrieval results that are more likely
to belong to category R are preferred by the later category
consistency measurement and ranking.

Through image classification, Q-Net provides a category
(g, 1) to be the query sketch’s most probable category, and the
corresponding classification probability is p(g, 1). However,
l(g, 1) is not always correct. The higher p(g, 1) is, the more
possible I(g, 1) is correct. So, a threshold probability P is set.
If p(g, 1) is greater than P, we set I(g, 1) as the category R.
Otherwise, the category R is obtained through voting from the
sketch and V highest-ranked initial retrieval results. Given that
q is the query sketch and b; represents the ith initial retrieval
result, the process of getting category R is shown as follows:

if p(g,1) = P
., by), otherwise.

R {l(q, D, o

~ | Voting (g, b1, ..
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Algorithm 2 Image Classification Using Q-Net and N-Net

Input: Sketch training set Q; Natural images training set A*; Query
sketch ¢; Initial retrieval results B = {b,-}?i % Initial distance
set S.

Input: Category information of ¢: q’s soft-max vector (SSV)

Ug and ¢’s LRV L. Category information of images in B: B’s

SSVs Uy, Uy, ..., Uy and ¢’s LRVs Ly, Ly, ..

Choose a CNN model as Q-Net.

2: Choose a CNN model as N-Net.

3: Train the Q-Net.

3.1: If sketches of Q are not enough to train a deep CNN,
expand the training set through mirroring and resizing
these sketches.

3.2: Divide the sketches for training into C categories.

3.3: Fed Q into Q-Net to iteratively train Q-Net.

4: Train the N-Net.

4.1: Divide the sketches for training into C categories. The
categories are the same as those in 3.2.

4.2: Fed A* into N-Net to iteratively fine-tune a CNN model
pretrained on ImageNet.

5: Soft-max Vectors Extraction

5.1: Use Q-Net to do image classification on ¢, and extract
the soft-max vector produced by the soft-max layer.

52: Fori=1,...,M do

5.3:  Use N-Net to do image classification on the initial

retrieval results b;, and extract the soft-max
vectors produced by the soft-max layer. p(g, C)
5.4: End
6: Soft-max Vectors Sorting
6.1: Sort the soft-max vector of 5.1 in ascending order, the

., Ly.

s

resulting vector U; = (p(g,1),p(q,2),...,p(g, O))
being SSV of q.
6.2: Ug’s elements’ corresponding category labels are

recorded in LRV Ly = (l(g, 1), (¢, 2), ..., (g, O)).
63: Fori=1,...,M do
6.4:  Sort the soft-max vector of b; of 5.3 in ascending
order, the resulting vector U; = (p(i, 1), p(i, 2), ...,
p(i, C)) being SSV of b;.

6.5: U;’s elements’ corresponding category labels are
recorded in LRV L; = (I(i, 1), [(i, 2), ..., (i, C)).
6.6: End

7. For each vector in Uy, {Ui}?il, Ly and {Li}?il, we only store
the top N elements to reduce the storage cost.

The candidates for Voting(g, by, ..., by) are I(q, 1), I(1, 1),
12, 1),...,1(V, 1), where I(i, 1) is regarded as b;’s most prob-
able category by N-Net. The most frequent category among
these V 4 1 categories is the output of Voting.

The idea behind voting is: there may be some images
with the correct category among highest-ranked initial retrieval
results, which may improve the chance of finding the correct
category.

2) Category Similarity Measurement: We suppose that the
more likely a natural image belongs to category R, the more
similar the query sketch and this image are. The category sim-
ilarity measurement is implemented on each initial retrieval
result in B = {b,-}?i |- Thus, we get the category similarity of
each initial retrieval result to the estimated category R for the
query sketch g.

Let Gg(i) denote the ith initial retrieval result b;’s category
similarity to g. We search category R in b;’s LRV L;. L; stores
the top N category labels of b;, where I(i, j) denotes the cate-
gory ranked jth. If there exists /(i, r) = R(1 < r < N), which
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means that there exists R in top N category labels of b;, Gg(i)
is the probability of b; belonging to category R. Otherwise,
Gg(i) is 0. Thus, we have

p@,r), ifli,r)=R(1 <r<N)

Gr(D) = { 0, otherwise @)

where p(i,r) is the rth element of b;’s SSV, denoting the
probability of b; belonging to category R.

3) Re-ranking: At this time, the category similarity of ini-
tial retrieval results is used to re-rank the initial retrieval
results, which is done by two steps.

Step 1: The new feature distance of each initial retrieval
result is obtained using

F@) =S80 - (1 = Gr()). “4)

In (4), S(i) is the initial feature distance between the query
sketch ¢ and the ith initial retrieval result b;. Ggr(i) is the
category similarity between g and b;.

Therefore, in order to link initial feature distance and cate-
gory similarity together, we use the multiplication. Since the
initial feature distance is represented by the distance between
two features, the similarity between ¢ and b; gets lower as S(i)
increases. From (3), we get that the category similarity gets
higher as Gg(i) increases. In order to make the monotonic-
ity of S(i) and Gg(i) harmonizes, we use (1-Gg(i)) instead of
Gg(D).

Step 2: The new feature distances of the initial retrieval
results are sorted in ascending order. Consequently, the images
that the resulting sequence refers to are the final retrieval
results.

Algorithm 3 shows the entire process of category similarity-
based re-ranking.

V. EXPERIMENTS

In order to show the effectiveness of the proposed SBIR
re-ranking system, the system is implemented on the following
initial SBIR systems.

1) Edgel: This is a shape-based indexing method that uses
hit maps to store sketches’ or edge maps’ rough gradient
orientation [11]. The feature distance of two images is
obtained through calculating the Hamming distance of
hit maps.

2) AROP: This is also a shape-based method that divides
an edge map into some blocks [23], [27]. It then marks
the rough gradient orientations of pixels of every block.
The Euclidean distance between two feature vectors are
used as the feature distance.

3) AlexNet: A classic CNN model [16], which achieves the
top-1 image classification in ILSVRC-2012 ImageNet
competition [29], performs well in various image recog-
nition tasks. The Euclidean distances of FC7 features of
different images are calculated to measure the feature
distance.

4) GN Triplet: Tt is a deep model, which employs triplet
loss and classification loss to train GoogLeNet, offered
by the designers of Sketchy dataset [28]. This is the
top-performing model on the fine-grained SBIR task
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Algorithm 3 Category Similarity-Based Re-ranking

Input: Query sketch g’s SSV U, and LRV Ly; Initial retrieval results
B’s SSVs Uy, Uy, ..., Uy and LRVs Ly, Lo, ..., Lys; Initial
feature distance set S.

Output: The final retrieval results.

1: Query Category Inference. Infer a category R for g.

1.1: Set a threshold probability P.

1.2: If p(g, 1) > P, set I(g, 1) as R.

1.3: If p(g,1) < P, use voting to get R. R is the most fre-
quently occurring category label among I(q, 1), I(1, 1),
12,1),...,I(V,1).

2: Category Similarity Measurement. Measure the category sim-

ilarity between ¢ and images in B.

2.1: Fori=1,...,M do

2.2: Check if there is R in L; = (I(i, 1), I(i, 2), ..., (i, N)).

If so, record r that enables [(i, r) = R.
2.3: Get the category similarity Gg (i) between b; and ¢
according to Eq. (3).
2.4: End
3: Re-ranking.
3.1: Fori=1,...,M do

3.2: Get the final distance F (i) between g and b; according
to Eq. (4).

3.3: End

3.4: Sort the sequence F = {F (i)}f.‘i | in ascending order. The

images that the resulting sequence refers to are the final
retrieval results.

on Sketchy among many models they have experi-
mented. The final caffemodel provided by them [33]
is utilized to extract the feature vectors from the layer
“pool5/7x7_s1.” The Euclidean distances of these fea-
tures are computed to get the feature distance.

5) DSH: It is a deep framework that uses three CNNs to
deal with sketches, natural images, and natural images’
sketch-tokens, respectively [40]. Binary hash codes are
taken as the features for both sketches and natural
images in the semiheterogeneous deep architecture. The
caffemodels provided by the authors are utilized to
extract 128-bit hash codes and, then, Hamming dis-
tance is used to calculate the feature distance between
hash codes.

6) SCMR: It is a deep framework that uses a hybrid multi-
stage training networks [58]. Classification loss is used
at the first stage. At the second stage, the model is
trained with contrastive loss. Finally, the model is fine-
tuned by triplet loss. We use the public models and
codes presented by the authors to get features and feature
distance.

Besides, the re-ranking method proposed in [9] is also com-
pared with our proposed re-ranking method. Taking images
that are top-ranked among initial retrieval results as new query
sketches, this method tries to find images that are relevant to
these top-ranked images, thus re-ranking the initial retrieval
results and finding more relevant images.

The open source Caffe [24] deals with training and clas-
sification of CNN models, and MATLAB2014a realizes
re-ranking. Caffe is implemented on a computer with a GTX
1070 GPU, while MATLAB runs on a computer with Intel
Core 15-3470 CPU.
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Fig. 3.  Some sketches of our constructed dataset. Our constructed dataset
contains various categories, such as computer screen, bicycle, car, butterfly,
pants, and cups.

A. Datasets

Three datasets are used for our experiments. The first one
is the newly released Sketchy dataset [28]. The second one is
the TU-Berlin Extension dataset [50], [59]. The third one is
the dataset collected by us.

1) Sketchy: Sketchy [28] is a newly released benchmark
dataset, containing 125 categories, 75471 hand-made sketches,
and 12 500 natural images.

This dataset has 100 natural images for each category, which
is not enough to train a deep CNN. To increase the volume of
the training set, another 92743 natural images are collected.
Images of some categories can be found and supplemented
from the ImageNet data [29], while the other categories are
crawled from Bing image search engine. Consequently, most
of the categories have 700-1000 natural images.

The sketches for testing are 7583 sketches extracted from
75471 sketches provided by Sketchy, the other 67 888 sketches
being sketches for Q-Net training. 1250 natural images,
encompassing ten natural images for each of 125 categories,
compose the testing set for our proposed SBIR system. As
for the training set for N-Net, the 92743 natural images we
collect are applied.

2) TU-Berlin Extension: TU-Berlin dataset [59], which is
a well-known sketch benchmark dataset, contains 250 sketch
categories. Each category has 80 sketches. In total,
there are 20000 sketches in TU-Berlin dataset. Recently,
Zhang et al. [50] collected 204 489 natural images for these
250 categories, which expanded the TU-Berlin dataset into
TU-Berlin Extension dataset. Thus, the new dataset has
20000 sketches and 204 489 natural images.

2000 sketches (8 per category) and 40 898 natural images (in
average 163.59 per category) are left for testing. The remaining
sketches and natural images are the training set. As 72 sketches
for each category are not enough to train a deep CNN, we
enlarge, shrink, and mirror these sketches. In consequence, for
each category, there are 720 sketches used for training Q-Net.

3) Our Constructed Dataset: Thirty-one categories of natu-
ral images, in total 73 314 images, are collected. These images
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include, but are not limited to, fruits, animals, and electronic
equipment. We crawl the dataset using keywords, such as
steamship, airplane, flower, packsack, and panda, to search
relevant images on Bing search engine. During picking out
relevant images, one by one, we carefully choose the images
that are obviously relevant from Bing results to minimize false
positive images and false negative images.

Besides, 15 volunteers were invited to draw 270 query
sketches. The amount of sketches in each one of the 31 cat-
egories is about 9. Some of the sketches are shown in
Fig. 3.

We divide the natural images into two parts. We use two-
third of these images as the training set for N-Net about
43358 images and the remaining one-third as the testing set
about 29 956 images.

Considering that sketches and edge maps are both images
with black lines and white background, edge maps of the
natural images for training are used as the alternatives of
sketches.

B. Implementation Details

In this paper, GoogLeNet are used to be O-Net and N-Net
unless specifically stated. Parameters P, V, and N are set to 0.8,
10, and 3, respectively. For experiments on Sketchy and TU-
Berlin Extension, M is set to 500. Our constructed dataset’s
M is 30.

The parameters for training Q-Net for Sketchy and TU-
Berlin Extension are as follows. The initial learning rate is set
to o = 0.01. With batch size 32, the learning rate falls to 0.1«
after about 30 epochs. The momentum is set to 0.9, and the
weight decay is 0.0005.

The above parameters for training O-Net on our constructed
dataset are identical to those set for Sketchy except for initial
learning rate and batch size. The initial learning rate reduces
to o = 0.001. The batch size is set to 64, which makes the
learning rate reduces to one-tenth of the original value around
every 15 epochs.

Training N-Net on three datasets is a process of fine-tuning.
At the beginning, the learning rate is « = 0.001. When the
number of iterations reaches a multiple of 10000, learning
rate changes to « — 0.9«. Batch size is 32. The values
of momentum and weight decay are the same as those used
during training Q-Net.

C. Performance Evaluation

Just like our previous works [9], [23], [27], we use the pre-
cision under depth x (denoted as Precision@x) to measure the
performance of all the methods. Precision@x is defined as
follows:

L x
. 1 1 )
Precision@x = I E 1 " El R (0) (5)
— i=

where R, (i) is the relevance of the ith result for query m, i €
[1,2,...,x]and m € [1, 2, ..., L]. If the ith result is relevant
to the query sketch, R, (i) = 1. Otherwise, R,,(i) = 0.
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D. Objective Comparisons

For fair comparison, we set the same parameters for
Edgel method as in [9] and [11] and the same parameters for
AROP method as in [23] and [27]. For GN Triplet [28] and
SCMR [58], the caffemodels and codes provided by the cor-
responding authors are used for feature extraction and image
retrieval. For DSH [40], the public caffemodel for Sketchy
dataset is used to get the 128-bit hash codes for Sketchy,
and the public caffemodel for TU-Berlin Extension dataset is
used to get the 128-bit hash codes for TU-Berlin Extension.
Furthermore, to extract the 128-bit hash codes of images of
our constructed dataset, the public caffemodel for TU-Berlin
rather than the caffemodel for Sketchy is used. This is because
the former caffemodel performs better on this dataset.

Precision@x curves in Fig. 4 shows the performance
of our re-ranking method and other comparative methods.
Now that there are ten images for testing in a category of
Sketchy, Precision@x curves for depth in the range of [1, 10]
is given for Sketchy. TU-Berlin Extension has an average
of 160 natural images for each category, which makes us
present the Precision@x curves for depth in the range of
[1, 100]. There are hundreds of images per category for test-
ing in our constructed dataset, so Precision@x curves for
depth in the range of [1, 150] is given for our constructed
dataset.

In Fig. 4, we can see that our re-ranking system signif-
icantly improves the precision of all initial SBIR systems.
Three subfigures show that after re-ranking, all SBIR systems’
performance on three datasets always experience increases.
Moreover, the top-1 retrieval accuracy of most initial SBIR
systems rises at least 10% after re-ranking. As GN Triplet
model and SCMR model are trained exactly for Sketchy
in [28], the initial SBIR systems based on these two mod-
els receive great retrieval performance in Fig. 4(a). Even
though the solid black line and the solid cyan line show such
great retrieval precision, our re-ranking system still receives
advances on the retrieval results for GN Triplet and SCMR.

When the re-ranking method based on blind feedback in [9]
(marked as IRC method) is used, Fig. 4 shows that IRC method
works well on Edgel and AROP methods for our constructed
dataset. However, IRC does not enhance the retrieval accuracy
of Edgel and AROP for Sketchy and TU-Berlin Extension.
Moreover, IRC method has adverse effects on the four initial
SBIR systems based on deep learning.

The reasons for IRC method not working well on deep
learning systems are as follows. The deep features learn
semantic information better than the features used in [9]. The
method in [9] uses SIFT features of edge maps. Compared
with deep features, the semantic learning ability of SIFT fea-
tures is weaker. So, after CBRF, the rank of the irrelevant
images that have similar contours to relevant images is often
pushed up.

The reason why the method in [9] does not work well
on Edgel and AROP methods on Sketchy and TU-Berlin
Extension lies in the low reliability of highest-ranked initial
retrieval results. Since there are few relevant images among
highest-ranked initial retrieval results, re-ranking method
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Fig. 4. Precision comparison for three datasets. “Edgel,” “AROP,” “AlexNet,”
“GN Triplet,” “DSH,” and “SCMR” denote the accuracy of initial retrieval
results of SBIR system based on each corresponding method. “-IRC” is the
result of using the re-ranking method in [9]. “-R” is the result of using the
re-ranking method in this paper. Notice that Edgel and Edgel-IRC in (b) coin-
cide. (a) Precision@x curve for Sketchy dataset. (b) Precision@x curve
for TU-Berlin Extension dataset. (¢) Precision@x curve for our constructed
dataset.

in [9] based on the relevance feedback tend to refer to irrele-
vant images to do re-ranking. Thus, re-ranking decreases the
retrieval accuracy.
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TABLE I
AVERAGE TIME COST (ms) OF PROCESSING A QUERY
WITH DIFFERENT ALGORITHMS
Initial Re-ranking Total
Dataset Methods SBIR (ms) (ms) Retrieval (ms)
Edgel 6779.51 0.26 6779.77
AROP 4.74 0.27 5.01
AlexNet 94.26 0.27 94.53
Sketchy -
GN Triplet 29.22 0.33 29.55
DSH 2.62 0.21 2.83
SCMR 3.68 0.25 3.93
Edgel 17080.79 3.06 17083.85
AROP 134.69 3.41 138.10
TU Berlin AlexNet 4676.17 3.12 4679.29
Extension GN Triplet 1139.75 3.54 1143.29
DSH 7.62 2.87 10.49
SCMR 110.23 3.37 113.60
Edgel 14653.07 3.01 14656.08
AROP 224.40 3.00 227.40
Our AlexNet 4226.86 2.97 4229.83
Constructed | GN Triplet | 890.47 3.41 893.88
Dataset
DSH 77.61 1.14 78.75
SCMR 181.38 1.19 182.57
TABLE II
TIME COST (s) OF TRAINING CNN MODELS
Number of Number of L.
Dataset Type of Images For Trainin Training
CNN Iterative g Time (h)
. Epochs
Training
-Net 61,097 37.7 2.6
Sketchy Q
N-Net 83,337 16.1 2.6
TuU-Berlin Q-Net 16,200 x 10* 23.7 25.0
Extension N-Net 163,591 12.7 5.8
Our Constructed Q-Net 38,876 32.1 1.5
Dataset N-Net 38,876 8.2 0.7

* ‘%X 10’ means that through enlarging, shrinking and mirroring these
sketches, the number of sketches for training jumped tenfold.

E. Time Cost Analysis

The average computational cost of each method and the
re-ranking method are shown in Table I. Table I shows that
the re-ranking method takes far less time than any initial
SBIR system. No matter what the initial SBIR system is, the
re-ranking system spends very little time.

Besides, the time cost for training the O-Net and N-Net is
given in Table II. Table II shows that training Q-Net and N-
Net do not need much time for Sketchy and our constructed
dataset. As for training the TU-Berlin Extension dataset, due
to the large size of the training sets and the larger number of
categories, the training time is longer but is still acceptable.

VI. DISCUSSION

This section discusses the factors that influence the perfor-
mance of the proposed SBIR re-ranking system.
The factors being discussed are as follows.
1) The CNN models for Q-Net and N-Net.
2) Parameter P: The threshold probability in Q of query
category inference in re-ranking.
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3) Parameter N: The number of categories being stored in
image category index in natural images inference.
At the following sections, these factors’ effects are in turn
discussed.
In addition to Precision@x, a performance indicator AP(K),
which is the average of K top-ranked points in Precision@x
curve, is used as an SBIR performance indicator. That is,

K
1
AP(K) = — > Precision@x. (6)

x=1

A. CNN Model for Classification

In this paper, category information of images is extracted
from Q-Net and N-Net through CNN-based image classifica-
tion. Different CNN models have different image classification
accuracy, which has a great impact on the re-ranking per-
formance. AlexNet, VGG-16 [17], and GoogLeNet are three
options for Q-Net and N-Net. Table III shows the retrieval
accuracy of our re-ranking system under different CNN models.

Compared with AlexNet, GoogleNet and VGG-16 have
higher image classification accuracy, thus having better
re-ranking performance.

B. Threshold Probability P in Retrieval Category Inference

In retrieval category inference, Q-Net provides the most
probable category of the sketch and its classification probabil-
ity. If the probability is greater than the threshold probability
P, the standard category is set as this category. Otherwise,
Voting is executed to generate the standard category. The value
of P is of great importance to the performance of query cate-
gory inference, thus influencing the re-ranking accuracy. The
impacts of varying P on re-ranking performance are shown in
Table IV, where AP (10) under different P is given.

From Table IV, we observe that the AP (10) of Edgel and
AROP on three datasets decreases as P increases. This is
because that the initial retrieval results of these two initial
SBIR systems, as provided in Fig. 4, are disappointing. The
disappointing initial retrieval results make the Voting in query
category inference unreliable. Under this circumstance, we had
better choose the category provided by Q-Net as the category
R for (3). For the same reason, AP (10) of AlexNet on Sketchy
as well as TU-Berlin Extension and AP (10) of GN Triplet on
TU-Berlin Extension see a similar trend.

In contrast, AP (10) of the other initial SBIR systems does
not always decline. These systems witness an increase at least
when P < 0.8. The reason for this is that the initial retrieval
results are relatively reliable. As the initial retrieval results are
relatively reliable, the Voting in retrieval category inference
can help to fix the mistakes of sketch classification made by
O-Net.

Given that the SBIR re-ranking method proposed in this
paper is based on blind feedback, it is difficult for us to fore-
cast the retrieval accuracy of initial retrieval results. So, to set
P between 0.5 and 0.7 can be a safe option.

C. Parameter N in Category Consistency Measurement

As shown in (3), N most probable categories provided by
N-Net of each initial retrieval result participate in the category
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TABLE III
IMPACT OF USING DIFFERENT CNN MODELS AS Q-NET AND N-NET ON THE PERFORMANCE OF
IMPLEMENTING A RE-RANKING ALGORITHM ON DIFFERENT SBIR SYSTEMS

Sketchy TU-Berlin Extension Our constructed dataset
Initial CNN model Classification Re-rankin Classification Re-rankin Classification Re-rankin
Retrieval of Q-Net accuracy of AP(10) g accuracy of AP(50) g accuracy of AP(50) g
Method and N-Net Q-Net/N-Net Q-Net/N-Net Q-Net/N-Net
Edgel 7.9% 8.0% 53.8%
AROP 13.3% 17.7% 54.7%
AlexNet 18.2% 21.9% 59.8%
GNeTXripeiet AlexNet 64.2%/73.9% = 5; 64.9%/67.8% e 8; 58.1%/93.4% = 6;
. (] . (] . 0
DSH 56.4% 65.8% 55.4%
SCMR 66.7% 57.2% 80.7%
Edgel 8.9% 8.5% 54.2%
AROP 14.3% 19.3% 57.0%
AlexNet 28.19 23.09 64.49
GNeTxrip(Tet VGG-16 70.1%/81.4% 7 5;’ 69.2%/73.0% 5 2;’ 62.6%/94.2% 63 9;
. (] . (] . (]
DSH 59.3% 66.0% 58.8%
SCMR 77.7% 59.4% 81.3%
Edgel 10.2% 10.4% 55.9%
AROP 16.2% 21.5% 60.9%
AlexN 1.29 25.69 7.4
GNeTXripit GoogleNet | 85.5%/83.7% : 5 10//" 72.9%/77.0% 42 Zo//" 68.5%/95.6% 27 8;’
. (] . (] . 0
DSH 61.7% 65.8% 60.3%
SCMR 82.9% 61.5% 81.7%
TABLE IV TABLE V
PERFORMANCE OF RE-RANKING DIFFERENT SBIR PERFORMANCE OF RE-RANKING DIFFERENT SBIR
METHODS UNDER DIFFERENT P METHODS UNDER DIFFERENT N
AP(10) AP(10)
Dataset | Method
- - — — — Dataset | Method
P=0.3 P=0.5 P=0.7 P=0.8 P=0.95 N=1 N=2 N=3 N=5 N=10
Edgel 10.3% 10.3% 10.2% 10.2% 10.1%

Edgel 10.0% 10.2% 10.2% 10.2% 10.2%
AROP 15.5% 16.1% 16.2% 16.4% 16.4%

AROP 16.4% 16.4% 16.3% 16.2% 16.1%

AlexNet 31.5% 31.4% 31.3% 31.2% 31.0%
AlexNet 10.8% 11.2% 11.3% 11.4% 11.4%

Sketch
v SiN 79.7% 79.8% 80.1% 80.1% 80.2% Sketchy GN
Triplet 79.8% 80.1% 80.1% 80.1% 80.1%

DSH 61.9% | 61.9% | 61.8% | 61.7% | 61.5% Triplet - - ] - -
SCMR | 81.9% | 82.1% | 82.6% | 82.9% | 83.4% DSH 61.5% | 617% | 617% | 61.7% | 61.7%
Edgel | 24.5% | 243% | 23.8% | 23.4% | 22.0% SCMR | 82.4% | 828% | 82.9% | 82.9% | 829%

- AROP | 43.4% | 43.1% | 422% | 417% | 39.5% Edgel | 22.6% | 23.2% | 234% | 23.5% | 23.5%
Bertin | AlexNet | 47.4% | 47.0% | 46.3% | 46.0% | 44.0% AROP | 40.7% | 41.6% | 41.7% | 41.7% | 41.7%
Extens- Tr?p';'et 60.8% | 60.7% | 59.9% | 59.9% | 58.7% B::;n AlexNet | 456% | 45.9% | 46.0% | 46.0% | 46.0%

ion

DSH | 57.3% | 57.8% | 59.0% | 59.7% | 60.3% Extens- Trf"l‘et 59.8% | 59.9% | 59.9% | 59.9% | 59.9%

SCMR | 68.7% | 69.0% | 69.5% | 69.7% | 69.0% ion P
[+ 0, 0, 0, 0,
Edgel | 659% | 659% | 66.2% | 651% | 61.8% DSH 59.2% | 59.6% | 59.7% | 59.9% | 60.0%
AROP | 67.4% | 67.8% | 67.8% | 67.2% | 64.3% SCMR | 69.4% | 69.7% | 69.7% | 69.7% | 69.8%
o AlexNet | 68.1% | 68.1% | 68.5% | 68.9% | 66.3% Edgel 66.6% | 66.6% | 66.6% | 66.6% 66.6%

ur
dataset | ON 8% | 601% | 708% | 718% | 684% AROP | 67.4% | 67.4% | 67.4% | 67.4% | 67.4%
T . I t . (] . (] . (] . (] B (]
nipe - / / / - Ct:)nl;:r AlexNet | 69.8% | 69.8% | 69.8% | 69.8% | 69.8%
DSH | 64.1% | 64.3% | 64.9% | 64.9% | 62.8% -

ucted GN 719% | 71.9% | 71.9% | 71.9% | 71.9%

SCMR | 75.9% | 763% | 78.9% | 80.9% | 83.1% Dataset | _Triplet

DSH 64.6% 64.8% 64.8% 64.8% 64.8%

SCMR 81.1% 80.9% 80.9% | 80.9% 80.9%

similarity measurement. The effects of changes of N during
implementing re-ranking are shown in Table V.

From Table V, we find that with the increase of NN, the accu-
racy of re-ranking results improves a little. Since the most
probable category of an image provided by CNN models is
relatively reliable, during category consistency measurement,
the other predicted categories of a natural image provided We implement our proposed re-ranking method on the initial
by the N-Net are not often accessed. Now that lower-ranked SBIR systems based on Edgel, AROP, AlexNet, GN Triplet,

classification results are not frequently accessed, N should be
a small value.

D. Subjective Comparisons
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Fig. 5. Top-10 retrieval results on three datasets. The top row is the query sketches for three datasets. The first five columns of natural images are retrieval
results for Sketchy dataset’s query sketch. The five columns of natural images in the middle are retrieval results for TU-Berlin Extension dataset’s query sketch.
The last five columns of natural images are retrieval results for our constructed dataset’s query sketch. For each query sketch, the second row is the results of
Edgel method [11], and the third row is the results of using our re-ranking method on Edgel. The fourth row is the results of AROP method [23], [27], and
the fifth row is the results of using our re-ranking method on AROP. The sixth row is the results of AlexNet method [18], and the seventh row is the results
of using our re-ranking method on AlexNet. The eighth row is the results of GN Triplet method [28], and the ninth row is the results of using our re-ranking
method on GN Triplet. The tenth row is the results of DSH method [40], and the 11th row is the results of using our re-ranking method on DSH. The 12th
row is the results of SCMR method [58], and the 13th row is the results of using our re-ranking method on SCMR.

DSH, and SCMR. Fig. 5 gives the initial retrieval results and manage to achieve high accuracy on top re-ranking results.
re-ranking results on three datasets. In Fig. 5(b) and (c), after re-ranking, all the ten highest-

We can see that our re-ranking system greatly improves ranked recommended images of the two queries are relevant
the performance of different initial SBIR systems, and we images. In Fig. 5(a), our re-ranking system enables all the top
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four re-ranked results to be relevant images. Since top retrieval
results are often paid more attention to, our re-ranking system
is beneficial to SBIR’s user experience. Besides, it can be
seen that although the contours of some highest-ranked irrel-
evant images before re-ranking are similar to query sketches,
our re-ranking algorithm replaces them with relevant images
as more semantic information are learned in our re-ranking
algorithm.

VII. CONCLUSION

We propose a re-ranking-based SBIR system to enhance the
performance of SBIR systems. First, we train two CNNs sep-
arately, where one is for sketch classification, and the other
is for natural image classification. By this means, CNN mod-
els study the semantic information of sketches and natural
images. After this, CNN-based image classification is carried
out on a sketch and its initial retrieval results, and cate-
gory information of sketches and natural images are obtained.
Finally, the initial retrieval results are re-ranked through mea-
suring the similarity between the category information of
the query sketch and the initial retrieval results. Experiments
show that our proposed re-ranking-based SBIR system
significantly improves the performance of various SBIR
systems.

REFERENCES

[1] Y. Wang, L. Zhu, X. Qian, and J. Han, “Joint hypergraph learning for
tag-based image retrieval,” IEEE Trans. Image Process., vol. 27, no. 9,
pp. 4437-4451, Sep. 2018.

[2] X. Qian et al., “Image re-ranking based on topic diversity,” IEEE Trans.
Image Process., vol. 26, no. 8, pp. 3734-3747, Aug. 2017.

[3] D. Lu, X. Liu, and X. Qian, “Tag-based image search by social
re-ranking,” IEEE Trans. Multimedia, vol. 18, no. 8, pp. 1628-1639,
Aug. 2016.

[4] Z. Guan et al, “Tag-based weakly-supervised hashing for image
retrieval,” in Proc. Int. Joint Conf. Artif. Intell. (IJCAI), 2018,
pp. 3776-3782.

[5] Z. Li, J. Zhang, K. Zhang, and Z. Li, “Visual tracking with weighted
adaptive local sparse appearance model via spatio-temporal context
learning,” IEEE Trans. Image Process., vol. 27, no. 9, pp. 4478-4489,
Sep. 2018.

[6] P. Liu, J.-M. Guo, C.-Y. Wu, and D. Cai, “Fusion of deep learning and
compressed domain features for content-based image retrieval,” IEEE
Trans. Image Process., vol. 26, no. 12, pp. 5706-5717, Dec. 2017.

[71 L. Zhu, J. Shen, L. Xie, and Z. Cheng, “Unsupervised visual hashing
with semantic assistant for content-based image retrieval,” IEEE Trans.
Knowl. Data Eng., vol. 29, no. 2, pp. 472-486, Feb. 2017.

[8] Z. Xia et al., “A privacy-preserving and copy-deterrence content-

based image retrieval scheme in cloud computing,” [EEE
Trans. Inf. Forensics Security, vol. 11, no. 11, pp.2594-2608,
Nov. 2016.

[9] X. Qian, X. Tan, Y. Zhang, R. Hong, and M. Wang, “Enhancing
sketch-based image retrieval by re-ranking and relevance feed-
back,” IEEE Trans. Image Process., vol. 25, no. 1, pp. 195-208,
Jan. 2016.

A. Chalechale, G. Naghdy, and A. Mertins, “Edge image description
using angular radial partitioning,” Proc. Inst. Elect. Eng. Vis. Image
Signal Process., vol. 151, no. 2, pp. 93—101, Apr. 2004.

Y. Cao, C. Wang, L. Zhang, and L. Zhang, “Edgel index for large-scale
sketch-based image search,” in Proc. IEEE CVPR, 2011, pp. 761-768.
R. Zhou, L. Chen, and L. Zhang, “Sketch-based image retrieval on a
large scale database,” in Proc. ACM MM, 2012, pp. 973-976.

N. Dalal and B. Triggs, “Histograms of oriented gradients for human
detection,” in Proc. CVPR, 2005, pp. 886—893.

M. Eitz, K. Hildebrand, T. Boubekeur, and M. Alexa, “An evaluation of
descriptors for large-scale image retrieval from sketched feature lines,”
Comput. Graph., vol. 34, no. 5, pp. 482—498, 2010.

[10]

(11]
[12]
[13]

[14]

[15]

[16]

[17]
[18]
[19]

[20]

[21]

[22]

[23]
[24]
[25]

[26]

[27]

[28]

[29]
[30]
(31]
[32]
[33]
[34]
[35]

[36]

(371
[38]
[39]

[40]

[41]

[42]

[43]

3341

D. R. Martin, C. C. Fowlkes, and J. Malik, “Learning to detect natu-
ral image boundaries using local brightness, color, and texture cues,’
IEEE Trans. Pattern Anal. Mach. Intell., vol. 26, no. 5, pp. 530-549,
May 2004.

A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classifica-
tion with deep convolutional neural networks,” in Proc. Adv. Neural Inf.
Process. Syst., 2012, pp. 1097-1105.

K. Simonyan and A. Zisserman, “Very deep convolutional networks for
large-scale image recognition,” arXiv preprint arXiv:1409.1556, 2014.
C. Szegedy et al., “Going deeper with convolutions,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recognit. (CVPR), 2015, pp. 1-9.

K. Hirata and T. Kato, “Query by visual example,” in Proc. Int. Conf.
Extending Database Technol., 1992, pp. 56-71.

B. Szant6, P. Pozsegovics, Z. Vamossy, and S. Sergydn,
“Sketch4match—Content-based image retrieval system using sketches,”
in Proc. IEEE SAMI, 2011, pp. 183-188.

Y. Wang, M. Yu, Q. Jia, and H. Guo, “Query by sketch: An asymmetric
sketch-vs-image retrieval system,” in Proc. 4th Int. Congr. Image Signal
Process., 2011, pp. 1368-1372.

A. Chalechale, G. Naghdy, and A. Mertins, “Sketch-based image match-
ing using angular partitioning,” IEEE Trans. Syst., Man, Cybern. A, Syst.,
Humans, vol. 35, no. 1, pp. 28—41, Jan. 2005.

Y. Zhang, X. Qian, and X. Tan, “Sketch-based image retrieval using
contour segments,” in Proc. IEEE MMSP, 2015, pp. 1-6.

Y. Jia et al., “Caffe: Convolutional architecture for fast feature embed-
ding,” in Proc. 22nd ACM Int. Conf. Multimedia, 2014, pp. 675-678.
Q. Yu, Y. Yang, Y.-Z. Song, T. Xiang, and T. M. Hospedales, “Sketch-a-
net that beats humans,” in Proc. Brit. Mach. Vis. Conf., 2015, pp. 1-12.
F. Wang and Y. Li, “Spatial matching of sketches without point
correspondence,” in Proc. IEEE Int. Conf. Image Process., 2015,
pp. 4828-4832.

Y. Zhang, X. Qian, X. Tan, J. Han, and Y. Tang, “Sketch-
based image retrieval by salient contour reinforcement,” [EEE
Trans. Multimedia, vol. 18, no. 8, pp. 1604-1615, Aug. 2016,
doi: 10.1109/TMM.2016.2568138.

P. Sangkloy, N. Burnell, C. Ham, and J. Hays, “The sketchy database:
Learning to retrieve badly drawn bunnies,” ACM Trans. Graph., vol. 35,
no. 4, p. 119, 2016.

J. Deng et al., “ImageNet: A large-scale hierarchical image database,”
in Proc. CVPR, 2009, pp. 248-255.

J. Canny, “A computational approach to edge detection,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. PAMI-8, no. 6, pp. 679-698, Nov. 1986.
Q. Yu et al., “Sketch me that shoe,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2016, pp. 1-9.

Accessed: Dec. 18,  2014. [Online]. Available:
dl.caffe.berkeleyvision.org/bvlc_googlenet.caffemodel
Accessed: Oct. 17, 2017. [Online]. Available: https://goo.gl/HqDdKN
M. Eitz, K. Hildebrand, T. Boubekeur, and M. Alexa, “A descriptor for
large scale image retrieval based on sketched feature lines,” in Proc. 6th
Eurograph. Symp. Sketch Based Interfaces Model, 2009, pp. 29-36.

T. Chen, M.-M. Cheng, P. Tan, A. Shamir, and S.-M. Hu, “Sketch2Photo:
Internet image montage,” ACM Trans. Graph., vol. 28, no. 5, pp. 89-97,
20009.

M. Eitz, K. Hildebrand, T. Boubekeur, and M. Alexa, “Sketch-based
image retrieval: Benchmark and bag-of-features descriptors,” [EEE
Trans. Vis. Comput. Graph., vol. 17, no. 11, pp. 1624-1636, Nov. 2011.
T. Bui and J. Collomosse, “Scalable sketch-based image retrieval using
color gradient features,” in Proc. ICCV, 2015, pp. 1012-1019.

X. Sun, C. Wang, C. Xu, and L. Zhang, “Indexing billions of images for
sketch-based retrieval,” in Proc. ACM Multimedia, 2013, pp. 233-242.
S. Parui and A. Mittal, “Similarity-invariant sketch-based image retrieval
in large databases,” in Proc. ECCV, 2014, pp. 398—414.

L. Liu, F. Shen, Y. Shen, X. Liu, and L. Shao, “Deep sketch hash-
ing: Fast free-hand sketch-based image retrieval,” in Proc. CVPR, 2017,
pp. 2862-2871

O. Seddati, S. Dupont, and S. Mahmoudi, “Quadruplet networks for
sketch-based image retrieval,” in Proc. ACM Int. Conf. Multimedia
Retriev., 2017, pp. 184-191.

Y. Qi, Y.-Z. Song, H. Zhang, and J. Liu, “Sketch-based image retrieval
via Siamese convolutional neural network,” in Proc. IEEE Int. Conf.
Image Process. (ICIP), 2016, pp. 2460-2464.

T. Bui, L. Ribeiro, M. Ponti, and J. Collomosse, “Compact descrip-
tors for sketch-based image retrieval using a triplet loss convolutional
neural network,” Comput. Vis. Image Understand., vol. 164, pp. 27-37,
Nov. 2017.

http://

Authorized licensed use limited to: Xian Jiaotong University. Downloaded on January 07,2021 at 13:01:37 UTC from IEEE Xplore. Restrictions apply.


http://dx.doi.org/10.1109/TMM.2016.2568138

3342

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

P. Xu et al., “Instance-level coupled subspace learning for fine-grained
sketch-based image retrieval,” in Proc. Eur. Conf. Comput. Vis., 2016,
pp. 19-34.

C. S. Won, D. K. Park, and S.-J. Park, “Efficient use of MPEG-7
edge histogram descriptor,” ETRI J., vol. 24, no. 1, pp. 23-30,
2002.

X. Sun, C. Wang, A. Sud, C. Xu, and L. Zhang, “MagicBrush: Image
search by color sketch,” in Proc. 21st ACM Int. Conf. Multimedia, 2013,
pp. 475-476.

P. Xu et al., “Cross-modal subspace learning for fine-grained sketch-
based image retrieval,” Neurocomputing, vol. 278, pp. 75-86, Feb. 2018.
K. Li et al., “Synergistic instance-level subspace alignment for fine-
grained sketch-based image retrieval,” IEEE Trans. Image Process.,
vol. 26, no. 12, pp. 5908-5921, Dec. 2017.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2016,
pp. 1-12.

H. Zhang er al, “Sketchnet: Sketch -classification with Web
images,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. 2016,
pp. 1105-1113.

T. Portenier, Q. Hu, P. Favaro, and M. Zwicker, “SmartSketcher: Sketch-
based image retrieval with dynamic semantic re-ranking,” in Proc. Symp.
Sketch Based Interfaces Model., 2017, p. 1.

Y. Matsui et al, “Sketch-based manga retrieval using Mangal09
dataset,” Multimedia Tools Appl., vol. 76, no. 20, pp. 21811-21838,
2017.

G. Salton and C. Buckley, “Improving retrieval performance by rele-
vance feedback,” J. Amer. Soc. Inf. Sci., vol. 41, no. 4, pp. 288-297,
1999.

M. Jian, Y. Yin, J. Dong, and K.-M. Lam, “Content-based image retrieval
via a hierarchical-local-feature extraction scheme,” Multimedia Tools
Appl., vol. 77, no. 21, pp. 1-19, 2018.

M. Jian, K.-M. Lam, J. Dong, and L. Shen, “Visual-patch-attention-
aware saliency detection,” [EEE Trans. Cybern., vol. 45, no. 8,
pp. 1575-1586, Aug. 2015.

M. Jian et al., “Saliency detection using quaternionic distance based
‘Weber local descriptor and level priors,” Multimedia Tools Appl., vol. 77,
no. 11, pp. 14343-14360, 2018.

M. Jian, Q. Qi, J. Dong, Y. Yin, and K.-M. Lam, “Integrating QDWD
with pattern distinctness and local contrast for underwater saliency
detection,” J. Vis. Commun. Image Represent., vol. 53, pp. 31-41,
May 2018.

B. Tu, L. Ribeiro, M. Ponti, and J. Collomosse, “Sketching out the
details: Sketch-based image retrieval using convolutional neural net-
works with multi-stage regression,” Comput. Graph., vol. 71, pp. 77-87,
Apr. 2018.

M. Eitz, J. Hays, M. Alexa, “How do humans sketch objects?” ACM
Trans. Graph., vol. 31, no. 4, pp. 1-10, 2012.

R. Hong, Y. Yang, M. Wang, and X.-S. Hua, “Learning visual semantic
relationships for efficient visual retrieval,” IEEE Trans. Big Data, vol. 1,
no. 4, pp. 152-161, Dec. 2015.

Z. Lin, G. Ding, J. Han, and J. Wang, “Cross-view retrieval via
probability-based semantics-preserving hashing,” IEEE Trans. Cybern.,
vol. 47, no. 12, pp. 4342-4355, Dec. 2017.

G. Ding, Y. Guo, J. Zhou, and Y. Gao, “Large-scale cross-modality
search via collective matrix factorization hashing,” IEEE Trans. Image
Process., vol. 25, no. 11, pp. 5427-5440, Nov. 2016.

R. Hong et al., “Coherent semantic-visual indexing for large-scale image
retrieval in the cloud,” IEEE Trans. Image Process., vol. 26, no. 9,
pp. 4128-4138, Sep. 2017.

R. Hong, Z. Hu, R. Wang, M. Wang, and D. Tao, “Multi-view object
retrieval via multi-scale topic models,” IEEE Trans. Image Process.,
vol. 25, no. 12, pp. 5814-5827, Dec. 2016.

Y. Guo, G. Ding, and J. Han, “Robust quantization for general similar-
ity search,” IEEE Trans. Image Process., vol. 27, no. 2, pp. 949-963,
Feb. 2018.

Z. Lin, G. Ding, J. Han, and L. Shao, “End-to-end feature-aware
label space encoding for multilabel classification with many classes,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 29, no. 6, pp. 2472-2487,
Jun. 2018.

D. Zhang, D. Meng, and J. Han, “Co-saliency detection via a self-paced
multiple-instance learning framework,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 39, no. 5, pp. 865-878, May 2017.

J. Han et al., “Representing and retrieving video shots in human-centric
brain imaging space,” IEEE Trans. Image Process., vol. 22, no. 7,
pp. 2723-2736, Jul. 2013.

IEEE TRANSACTIONS ON CYBERNETICS, VOL. 50, NO. 7, JULY 2020

Luo Wang is currently pursuing the Ph.D. degree
with SMILES Lab, Xi’an Jiaotong University, Xi’an,
China.

His current research interests include sketch-based
image retrieval, image content understanding, and
deep learning.

Xueming Qian (M’09) received the B.S. degree in
industrial automation and the M.S. degree in pattern
recognition from Xi’an University of Technology
in 1999 and 2004, respectively, and Ph.D. degree in
electronics and information engineering from Xi’an
Jiaotong University, Xi’an, in 2008.

From 2011 to 2014, he was an Associate Professor
with Xi’an Jiaotong University, where he is currently
a Full Professor and the Director of SMILES Lab.
He was a Visiting Scholar with Microsoft Research
Asia, Beijing, China, from 2010 to 2011. His current
research interests include social media big data mining and search.

Prof. Qian was a recipient of the Microsoft Fellowship in 2006 and the
Outstanding Doctoral Dissertations of Xi’an Jiaotong University and Shaanxi
Province in 2010 and 2011, respectively.

Yuting Zhang received the M.S.D. degree from
SMILES Lab, Xi’an Jiaotong University, Xi’an,
China in 2016.

While pursuing the M.S.D. degree, her current
research interests included large-scale sketch-based
image retrieval and image content understanding.

Jialie Shen received the Ph.D. degree in computer
science from the University of New South Wales
(UNSW), Kensington, NSW, Australia, in 2007.

He is a Reader in computer science with the
School of Electronics, Electrical Engineering, and
Computer Science, Queen’s University of Belfast,
Belfast, U.K. He was a Faculty Member with UNSW
Sydney and a Researcher with the Information
Retrieval Research Group, University of Glasgow,
Glasgow, UK., for a few years. He has over
100 publications in international journals and con-
ferences. His current research interests include information retrieval, video
analytics, and machine learning.

Xiaochun Cao (SM’14) received the B.E. and
M.E. degrees in computer science from Beihang
University, Beijing, China in 1999 and 2002, respec-
tively, and the Ph.D. degree in computer science
from the University of Central Florida, Orlando, FL,
USA, in 2006.

Since 2012, he has been a Professor with
the Institute of Information Engineering, Chinese
Academy of Sciences, Beijing. He was a Research
Scientist with ObjectVideo, Inc., Reston, VA, USA,
for about three years. From 2008 to 2012, he was
a Professor with Tianjin University, Tianjin, China. He has authored and co-
authored over 120 journal and conference papers.

Dr. Cao was a recipient of the Piero Zamperoni Best Student Paper
Award at the International Conference on Pattern Recognition in 2004 and
2010 and nominated for the University of Central Florida’s University Level
Outstanding Dissertation Award for his dissertation. He is on the Editorial
Board of the IEEE TRANSACTIONS ON IMAGE PROCESSING. He is a fellow
of IET.

Authorized licensed use limited to: Xian Jiaotong University. Downloaded on January 07,2021 at 13:01:37 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


