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Abstract

Searching similar pictures for a given picture is an important task in numerous applications,
including image recommendation system, image classification and image retrieval. Previous
studies mainly focused on the similarities of content, which measures similarities based on
visual features, such as color and shape, and few of them pay enough attention to seman-
tics. In this paper, we propose a link-based semantic similarity search method, namely Pic-
tureSim, for effectively searching similar pictures by building a picture-tag network. The
picture-tag network is built by “description” relationships between pictures and tags, in
which tags and pictures are treated as nodes, and relationships between pictures and tags
are regarded as edges. Then we design a TF-IDF-based model to removes the noisy links,
so the traverses of these links can be reduced. We observe that “similar pictures contain
similar tags, and similar tags describe similar pictures”, which is consistent with the intuition
of the SimRank. Consequently, we utilize the SimRank algorithm to compute the similarity
scores between pictures. Compared with content-based methods, PictureSim could effec-
tively search similar pictures semantically. Extensive experiments on real datasets to dem-
onstrate the effectiveness and efficiency of the PictureSim.

Introduction

Searching similar pictures for a given picture is an important task in numerous applications.
Typical examples include medical image classification [1], image forgery detection [2], image
recommendation system [3] and image cluster analysis [4], in which picture plays an impor-
tant role. Traditional picture similarity search methods compute similarities based on visual
features, namely Content-based Image Retrieval (CBIR), including color and shape, e.g., GIST
[5], SIFT [6] and SUREF [7]. [8] aggregates local deep features to produce compact global
descriptors. [9] proposes FTS to get fractal-based local search. [10] proposes VWIaC and FIbC
to build smaller and larger sizes of codebooks for salient objects within pictures. [11] proposes
Iterative Search (IS) to achieve search similar pictures effectively, which extracts knowledge
from similar pictures to compensate for the missing information in the feature extraction pro-
cess. [12] measures similarities between pictures by using distributed environments and LSH
in the distributed scheme. [13] employs an improvement of the D-index method to reduce
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nouns). ImagNet data is widely used in advancing
computer vision and deep learning research. The
Nipic data is available from the Nipic website http://
www.nipic.com/index.html, which is a sharing
platform for picture materials. We crawled the
pictures with tag information from the website for
building the picture-tag network. As their website
states, both ImagNet and Nipic are available for
free to researchers for non-commercial use.
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computational overhead in large, high-dimensional and scalable picture datasets. [14] assesses
similarities between pictures based on the high dimension biomimetic information geometry
theory and interactive fork value method. [15] uses the fusion of SIFT and BRISK visual words
to get similar pictures in terms of content. IMCEC [16] employs a deeper architecture of
CNN:s to provide different semantic representations of the picture, which makes it possible to
extract features with higher qualities. [17] proposes a hybrid PCA-whale optimization-based
deep learning model for the classification of picture, including transform picture dataset by
one-hot encoding approach, reduce the dimensions of the transformed data by PCA and select
the optimal features by WOA. [18] discusses the application of DL in medical image process-
ing, which could realize the tracking, diagnosis and treatment of virus spread. [19] proposes an
effective ensemble learning approach to identify and detect objects, which could achieve good
accuracy on both with-in as well as cross-corpus datasets. [20] proposes a deep learning-based
object detection approach, which utilizes ResNet to achieve fast robust and efficient object
detection.

Practically, the measurement of picture similarity should be based on semantic information
rather than visual features, which could cause a “semantic gap” between “semantic similarity”
by human judgments and “visually similarity” by computer judgments. More precisely, picture
semantic similarity is to answer the question “how similar are these two pictures?”. For exam-
ple, if there are two pictures with different colors and backgrounds in “Cell phone” advertise-
ments, which should be considered to be similar semantically, but they might be treated as
dissimilar in visual features. On the other hand, different semantic pictures with similar visual
features are judged to be similar pictures by the content-based methods. Due to the lack of
semantic consideration, content-based metrics mainly focus on finding similar pictures in
terms of visual features rather than semantics, which might neglect the expected similar pic-
tures and deviate from the user’s intention. Though it is non-trivial to find an alternative
model to search similar pictures semantically. Fortunately, we observed that the semantic
information of a picture can usually be described by several tags. For example, “Cell phone”
pictures can be described by “Cell”, “iPhone”, “Huawei”,
us to build an alternative model for searching similar pictures based on “description” relation-
ships between pictures and tags.

As mentioned in [19, 22], the returned result of link-based similarity measures could pro-
duce a better correlation with human judgments compared with content-based methods.
Therefore, it is reasonable to believe that search similar pictures based on links is worth thor-
oughly exploring. Among link-based metrics, SimRank [21] is one of the most influential ones,
due to it relies on the simple intuition that objects are similar if they point to similar objects.
Moreover, it can capture structural similarity very well, because it no longer only considers

Mobile” and so on. This motivates

direct in-links among nodes but also indirect in-links. And SimRank is a universal model, it
builds a network by objects-to-objects relationships, whose similarity could be defined based
on the structural context of objects.

There are also other metrics of this kind. P-Rank [22] is similar to SimRank, but it improves
SimRank by incorporating both in-links and out-links between objects and controls the rela-
tive importance of in/out-links through a parameter. PathSim [23] calculates the similarity
between objects by the numbers of meta-paths on a heterogeneous network. SimCat [24]
defines the similarities between objects by incorporating category information and aggregating
relationship network structures. SLING [25] uses an index for storing hitting probabilities,
which answers single-source SimRank query with a worst-case error in each SimRank score.
TSF [26] builds one-way graphs by randomly sampling one in-neighbor for each node in a
given graph, and finds similar nodes based on the one-way graph. ProbeSim [27] assesses simi-
larity without precomputing index structure, so it can support real-time computation of top k

PLOS ONE | https://doi.org/10.1371/journal.pone.0259028 November 1, 2021

2/16


https://doi.org/10.1371/journal.pone.0259028
http://www.nipic.com/index.html
http://www.nipic.com/index.html

PLOS ONE Picture semantic similarity search based on bipartite network of picture-tag type

Table 1. Summary of related studies on searching similar pictures.

References Dataset Methods used Evaluation metrics Limitations
[8] INRIA Holidays dataset, Oxford buildings SIFT, fisher vectors and Ratio to median, dimensionality and Model does not consider
dataset, Oxford buildings dataset+100K and triangulation embedding overfitting effect searching similar pictures in
University of Kentucky Benchmark dataset terms of semantic
[11] Oxford Buildings, Object Sketches, a large-scale HOG, HOF, GIST and Accuracy, NDCG@k and Precision@k | Itertive search needs expensive
dataset collected by author convolutional neural overhead
network (CNN)
[16] Malimg dataset VGG16, ResNet-50 and Accuracy, precision, recall, F1-score, Model takes expensive time
Support Vector Machine true positive rate (TPR) and false overhead
(SVM) positive rate (FPR),
[17] Plant-village dataset repository PCA and WOA Accuracy, Loss and time Results confined to only
dataset in tomato plant
diseases
[26] SNAP, KNOECT and LWA Monte Carlo and Precision, NDCG@k and time cost for TSF does not provide a
approximation random building index guarantee of the worst
model accuracy
[25] SNAP and LWA Monte Carlo and Maximum error, average error, Sling can’t effectively update
linearization method precision, preprocessing time and in dynatic network
space consumption
[27] SNAP and LWA Index-free SimRank and Precision@k, NDCG@k, 7 and query ProbeSim does not limit
random walks time random walks lengths
[35] SNAP and DBLP Random walks and SimMaps | Accuracy ratio and loss, P@k, Kendall TopSim does not limit
Tau difference and running time random walks lengths

https://doi.org/10.1371/journal.pone.0259028.t001

queries on a dynamic network. SimRank* [28] remedies the problem of “zero-similarity” in
SimRank, which enriches semantics without suffering from increased computational over-
head. PRSim [29] is based on the main concepts of SLING, which leverages the graph structure
of power-law to efficiently answer SimRank queries, and a connection is built between Sim-
Rank and personalized PageRank. UniWalk [30] calculates the similarities between objects
based on Monte Carlo, which could directly locate the top k similar vertices for any single
source via R sampling paths originating from the single source. SimPush [31] speeds up query
processing by identifying a small number of nodes, then computes statistics and performs resi-
due push from these nodes. These measures have been applied in numerous applications, such
as spam detection [32], web page ranking [33], citation analysis [34].

Table 1 summarizes several picture similarity search methods, including content-based and
link-based. Compared with the latest content-based metrics, link-based similarity measures
could capture the semantic information of pictures based on a picture-tag network, while con-
tent-based methods mainly focus on searching similar pictures in visual features, which might
neglect the expected similar pictures and deviate from the user’s intention. Moreover, the intu-
ition of link-based methods is that “two pictures are similar if they are related to similar pic-
tures”, which could search underlying similar pictures. For example, picture A is similar to
picture B, and picture A is similar to picture C, so picture B is similar to picture C.

In this paper, we propose a link-based picture semantic similarity search method, namely
PictureSim, for effectively searching similar pictures by building a picture-tag network. We
first build a picture-tag network based on “description” relationships between pictures and
tags, and then exploit the object-to-object relationships [36, 37] in picture-tag network. The
intuition behind PictureSim is that “similar pictures contain similar tags, and similar tags
describe similar pictures”, which is consistent with the intuition of SimRank. Consequently,
we adopt SimRank model [21] to compute the similarity scores, which helps to find underlying
similar pictures semantically.
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Our main contributions are as follows.

o We build a picture-tag network by “description” relationships between pictures and tags. Ini-
tially, tags and pictures are treated as nodes, and relationships between pictures and tags are
regarded as edges. Then, we propose a TF-IDF-based method to remove the noisy links by
setting a threshold, which could measure whether a tag has good classification performance.

» We propose a link-based picture similarity search algorithm, namely PictureSim, for effec-
tively searching similar pictures semantically, which considers the context structure to search
underlying similar pictures in a network. And it could respond to the user’s requirement
timely.

« We ran a comprehensive set of experiments on Nipic datasets and ImageNet datasets. Our
results show that PictureSim achieves semantic similarity search between pictures, which
produces a better correlation with human judgments compared with content-based
methods.

Methods

In this section, we show a framework of the top k picture semantic similarity search, which is
divided into two stages. The first stage is to build a picture-tag network by “description” rela-
tionships between pictures and tags, in which pictures and tags are regarded as nodes, and rela-
tionships between the pictures and the tags are regarded as edges. And we remove the noisy
links based on TF-IDF model, in which a few informative tags are removed. Then, we use Sim-
Rank algorithm to search the top k most similar pictures for a given picture.

Compared with content-based methods, PictureSim can achieve semantically similarity by
building a picture-tag network, while content-based methods can only achieve visual similar-
ity. And users usually judge similarities based on semantics rather than visual features.

Problem definition

For subsequent discussions, we first give the definition of the top k picture semantic similarity
search, that is defined as:

Definition 1. Top-k picture semantic similarity search In the picture-tag network, given
query q in the network, a positive integer k < n, a top-k semantic similar picture is to find k most
similar pictures in terms of semantic and ranked with similarity descending.

Network building

Definition of picture-tag network. Tags are descriptive keywords to discriminate objects.
For example, the web tag is a way to organize Internet content. It helps users classify and
describe the content of web retrieval. The purpose of tag generation is to find semantic infor-
mation of a given object. There is a need for finding semantic information of objects. Thus,
many approaches to generate tags are developed, including user annotation and machine gen-
eration. For example, Oriol et al. [38] proposed an attention mechanism, which maps each
word of the picture-generated description to a certain area of the picture. Therefore, there is
semantic information between the tag and the picture, which provides an important guarantee
for semantic similarity computation. The review network [39] as an extension of [38], it can
learn the annotation and initial states for the decoder steps. In the picture-tag network, tags
could fully express the semantic information of pictures, which helps search similar pictures
semantically. The picture-tag network is defined as:
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Antique decoration
Corridor

Lobby

Wooden finish

Exhibition hall
Showcase

Medicine cabinet
Root carving
Shopwindow

Lobby design
Ceiling

Pillar with dragons

Lighting design

Fig 1. Example of picture-tag network.
https://doi.org/10.1371/journal.pone.0259028.9001

Definition 2. Picture-Tag Network A picture-tag network is defined as a bipartite network G
=(V, E), where V= Vp U Vr, and Vp and Vr represent the sets of pictures and tags respectively;
E denotes the set of edges of “description” relationship between pictures and tags, and an edge e
(p» 1) € E denotes a picture p; € Vpis described a tagt; € Vr.

In a picture dataset, a “description” relationship between a picture and a tag builds an link,
and all of the “description” relationships build a picture-tag network. Fig 1 is a toy picture-tag
network, pictures and tags are treated as nodes, and “description” relationships between the
pictures and the tags are treated as edges. Fig 1 shows that the first picture is described by
some tags, including “antique decoration”, “wooden finish”, “showcase”, etc. A link between
the first picture and “antique decoration” could represent a “description” relationship, and a
“description” relationship and “be described” relationship exist simultaneously. Similarly, a tag
can also describe several pictures, such as “showcase” describes three pictures. These tags can
fully illustrate semantic information of pictures, which has a better correlation with human
judgments in similarity search.

Removing noisy links. Noisy links are the tags that cannot effectively discriminate pic-
tures when computing the similarities. It not only affects search results but also incur the
expensive time and space overhead, so it is necessary to be removed. Term Frequency-Inverse
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Document Frequency (TF-IDF) [40] could be seen as a promising method to find noisy links.
It is a statistical method to assess whether a tag is important for a picture. In other words, if a

tag describes a picture, and this tag rarely appears in the description of other pictures. It indi-
cates that the tag has a better discrimination ability. Term frequency (TF) indicates how often
a tag t appears in a picture p, it is defined as:

tf,, = 2 (1)
7o)l
where 1, , is the number of a tag ¢ is associated with a picture p, and we set n,, roughly as 1.
There is no duplicate tags ¢ will appear in the description of the picture p, because the tag is
different from the text; and |O(p)| is the number of out-neighbors of picture p. The inverse
document frequency (IDF) is a measure of the universal importance of a tag, it is defined
as:

_ log\np|

C )

where |n,| is the total number of pictures in the data, |I(f)| is the number of in-neighbors of
tag t. Based on TF and IDF, the TE-IDF value for tag t and picture p is defined as:

(2)

thidf,, = tf,, * idf, (3)

Intuitively, the tag has good recognition performance if tags have high TF-IDF. And tags
with lower TF-IDF should be removed to avoid affecting results. Then, we remove noisy links
with low TF-IDF according to a threshold 8, defined as 6 = (max — min) * & + min where h =
(0, 1). In a picture-tag network, the links correspond to TE-IDF values lower than & are
removed before similarity computation.

Similarity model

Link-based approaches search similar pictures semantically by building a picture-tag network.
And SimRank [21] can be regarded as one of the most attractive methods. Because it no longer
only considers direct in-links among nodes but also indirect in-links. Then SimRank is a gen-
eral model that can be applied in any similarity search field, and it is suitable for bipartite net-
works. There are some other link-based similarity measures, such as PageSim [41], P-Rank
[22] and SimRank* [28]. P-Rank enriches SimRank by jointly encoding both in- and out-link
relationships into structural similarity computation. And the picture-tag network is bipartite,
which makes both SimRank and P-Rank equivalent. PageSim and SimRank* consider the
paths of unequal length to search similar pictures. However, PictureSim only considers the
paths of equal length.

PictureSim uses SimRank to compute similarity in a picture-tag network. Our key observa-
tion is that “similar pictures contain similar tags, and similar tags describe similar pictures”. As
shown in Fig 1, the similarity score between the first picture and itself is 1, similarly for “show-
case”. Clear, three pictures are similar: all have the “showcase”, and the reason we can conclude
that three pictures are similar is that they are described as “showcase”. The first picture is
described as “wooden finish” while the second picture is described as “shopwindow”, and
these are similar tags. In this sense that they describe similar pictures.

Let S(p1, p») denotes the similarity between pictures p; € Vpand p, € Vp, and let S(t;, t,)
denotes the similarity between tags t; € Vrand t, € V. If p; = p,, S(p1, p2) = 1, and similarly
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for S(t1, t,). For p; # pa, S(p1, p2) is defined as:

[0(p1)I10(y)]

> 8(0,(p.): O,(p.)) (4)

S(p1,p2) = 10()][0(p,)] ; =

and for t; # t,, S(t;, t,) is defined as:

[1(t)I1(t)|

PBNACHRACH)) (5)

S(tlv t2) = m i=1 j=1

where c is a constant between 0 and 1, which is typically set as 0.8 according to [21]; |O(p,)| is
the number of elements of the set O(p;), |I(#;)] is the number of elements of the set I(¢,), O(p;)
is the number of out-neighbors of picture p; and I(#;) is the number of in-neighbors of tag t;.
Oi(p,) denotes the i-th out-neighbor of picture p;, and Ij(t,) denotes the j-th in-neighbor of tag
t, where 1 < i <|O(py)| and 1 <j < |I(t))|. If O(p;) = 0 or O(p,) = 0, S(p1, p2) = 0, and simi-
larly for S(ty, t,).

The similarity scores are computed iteratively. At the [-th iteration, Ri(p;, p,) denotes the
similarity scores between picture p; and picture p,, R(t;, t,) denotes the similarity scores
between tag t; and tag t,. If p; = p,, Ro(p1, p2) = 1 at [ =0, otherwise Ry(py, p») =0, and
similarly for Ro(ty, t,). When =2, 3, 4. .., Ri.1(p1, p2) is defined as Ry, 1(py, p2) = 1 if py = pa,
otherwise:

[0(1)I[0(y)]

R (prpy) = WM > D R(0(),0p,)) (6)

and similarly, Ry, {(t;, t,) is defined as: Ry, 1(t;, t,) = 1 if t; = t,, otherwise:

[1Cr1)[11(22)

Rl+1(t17t2) = |

On-line query processing

Based on Eq (6), the similarities between pictures can be computed in the off-line stage. A
straightforward method to find the top k similar pictures is that: we first choose k most similar
pictures based on the pre-computing similarity scores, then sort and return them. Though this
can save time overhead in on-line stage, expensive operations are required in the off-line stage,
which involves O(#%) time cost and O(ld* n?) space cost at the [-th iteration, where # is the
number of nodes in the network, d is the average degree of the nodes, and we set / from 1 to 7
in terms of time and cost overhead. Therefore, the computation would become inefficient
especially when the picture-tag network grows large.

Fortunately, there is a large portion of optimization techniques on SimRank similarity
search, e.g., TopSim [35], Par-SR [26] and ProbeSim [27], which searches similar pictures
without any preprocessing, a typical example is TopSim. TopSim focuses on computing exact
SimRank efficiently. It uses neighborhood to describe the structural context of a node, then
merges certain random walk paths by maintaining a similarity map at each step. Therefore,
PictureSim optimizes the efficiency of SimRank by TopSim algorithm without any preprocess-
ing, which requires O(d*) time cost in the on-line stage.

PLOS ONE | https://doi.org/10.1371/journal.pone.0259028 November 1, 2021 7/16


https://doi.org/10.1371/journal.pone.0259028

PLOS ONE

Picture semantic similarity search based on bipartite network of picture-tag type

Results

In this section, experimental results are reported in real datasets. Experiments were done on a
2.3 GHz Intel(R) Core i5 CPU with 8 GB main memory. All algorithms were implemented in
Java by using Eclipse Java 2018.

Datasets and evaluation

In the experiments, we extract picture-tag networks from Nipic dataset (http://www.nipic.
com/index.html) and ImageNet dataset (http://www.image-net.org/) to evaluate our
approach. Nipic contains 37,221 pictures, 58,623 tags and 610,440 “description” relationships.
The parameter / is set to be 0.8 to remove noisy links if not specified explicitly, and we finally
obtain 283,079 links. We select the sub dataset ILSVRC-2012 from ImageNet, which contains
50,000 pictures, 1,000 tags and 50,000 “description” relationships.

We implemented four contrast algorithms to evaluate the effectiveness: SimRank algorithm
[21] and some content-based algorithms that include Minkowski Distance (MD) [42], Histo-
gram Intersection (HI) [43] and Relative Deviation (RD). We use TopSim [35] to improve the
efficiency of SimRank, which only needs to find candidates from the neighborhood locally
without traversing the entire network. TopSim is used in a homogeneous network in [35], and
we use it in a heterogeneous network. The decay factor ¢ of SimRank is set as 0.8. The MD
defines a set of distances, which makes it possible to measure the distance between points. In
the HI, each feature set is mapped to a multi-resolution histogram that preserves each feature’s
distinctness at the finest level. RD judges the similarities by calculating relative deviation.

In the dataset, we randomly pick 20 pictures to test the effectiveness of different algorithms
for the top k query with k = 50. Effectiveness is evaluated by Mean Average Precision (MAP),

which is formally defined as MAP = Zf;:] AveP(q)/Q, where Q is the number of query pic-

tures and AveP(q) is the average MAP scores of the query picture g. MAP scores are computed
according to the similarity levels which are set as six levels: 0 (dissimilar), 0.2 (potentially simi-
lar), 0.4 (marginally similar), 0.6 (moderately similar), 0.8 (highly similar) and 1 (completely
similar). The similarity levels are labeled by people, which is a gold standard due to we judge
the semantic similarity of pictures based on users’ understanding of the pictures.

Nipic
Table 2 shows the MAP scores of different metrics in Nicpic, and PictureSim sets [ as 5. The
MAP scores of PictureSim are obviously higher than that of traditional content-based methods
with different k. For example at k = 15, PictureSim achieves average 0.599 MAE, while RD and
HI yield average 0.119 MAE. This is because PictureSim computes similarity scores by the
structure of context in the picture-tag network, while the traditional content-based approach
considers the visual features, which often fails to reflect the semantic information in the user’s
mind.

Fig 2(a) shows the MAP scores with varying [ in Nipic, which clearly illustrates the effect of
lin PictureSim. We observe that the MAP scores increase slowly as [ increases from 1 to 5,

Table 2. MAP at different k in Nipic.

K PS MD RD HI

5 0.718 0.258 0.264 0.256
10 0.655 0.162 0.158 0.161
15 0.599 0.123 0.119 0.119

https://doi.org/10.1371/journal.pone.0259028.t002
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Fig 2. MAP on varying I and k respectively in Nipic. (a) MAP on varying , (b) MAP on varying k.
https://doi.org/10.1371/journal.pone.0259028.9g002

because PictureSim not only considers direct in-links among nodes but also indirect in-links.
After [ = 5, the MAP scores become stable, and PictureSim converges to a stable state. So the
returned rankings would become stable empirically after the fifth iteration.

Fig 2(b) shows the MAP scores of PictureSim on varying k in Nipic. The MAP scores gradu-
ally decrease as k increases, it could achieve average 0.718 MAP at k = 5. This is because the
higher similarity scores have a higher rank in the returned list. Generally, users are only inter-
ested in the top 10 similar pictures for a given picture, so PictureSim could achieve the user’s
intention.

Fig 3(a) shows the MAP scores of PictureSim on varying 4 in Nipic, where [ = 3. The MAP
scores are relatively stable as /1 increases from 0.1 to 0.4, and increases evidently at h = 0.5,

(a) (b)

0.80 0.72
0.75 0.68
0.70
o a, 0.64
Z 0.65 <
= =
0.60
0.60 —©— PS(=1)
—O— PS(k=5) —< PS(1=3)
055 —<— PS(k=10) 0.56) & psa=5)
—— PS(k=15) > PS(1=7)
050751 02 03 04 05 06 07 08 09 052701 02 03 04 05 06 07 08 09
h h

Fig 3. MAP on varying h in Nipic. (a) MAP on varying h at [ = 3, (b) MAP on varying h at k = 10.
https://doi.org/10.1371/journal.pone.0259028.9003
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Table 3. MAP of top 10 similar pictures from different user perspectives in Nipic.

Aspect PS MD RD HI
Semantics 0.655 0.162 0.158 0.161
Shape 0.326 0.476 0.486 0.342
Color 0.294 0.405 0.397 0.361

https://doi.org/10.1371/journal.pone.0259028.t1003

then drops continuously and the curves reach the bottom at 4 = 0.9. This is because the more
noisy links are removed if h becomes large. However, some useful links might be also removed
as h increases, and consequently the MAP scores decrease. And the curve is an exception at
=1, the MAP scores are relatively stable from 4 = 0.1 to 0.7, then decreases evidently as h
increases, due to it considers direct in-links among nodes, and other curves not only consider
direct in-links but also indirect in-links. Similar results can be found in Fig 3(b), which shows
the MAP scores of PictureSim on varying h where k = 10. And the result can be explained simi-
larly due to the change of MAP is similar with Fig 3(a).

To compare the performance of different algorithms from user’s perspectives in Nipic,
including semantic, color and shape, we calculate the MAP scores of top 10 similar pictures
are shown in Table 3, where | = 5 in PictureSim. Obviously, PictureSim has relatively higher
MAP scores compared with traditional content-based metrics in terms of semantics, while the
comparison methods have relatively higher MAP scores in terms of shape and color. This is
because we pay more attention to whether the tag fully expresses the semantics of pictures
rather than visual feature, and color and shape often fail to fully express the semantic informa-
tion of the picture.

Fig 4(a) shows the running time on varying ! in Nipic, in which, the running time increases
slowly before I = 5 and increases rapidly after [ = 5. This is because PictureSim also considers
indirect in-links when searching similar pictures, it needs to traverse more paths as [ increases.
Fortunately, PictureSim could converge rapidly at / = 5 as shown in Fig 2(a), which shows a
good performance of the proposed approach.

(b)

—©— PS(k=5)
—<+ PS(k=10)
—— PS(k=15)

Running Time (s)
S = N W A U &N @

7
6
=5
= —©— PS(=1)
=4 —J- PS(1=3)
23 —)— PS(=5)
g PS(=7)
=2
&
1
0

5 10 15 20 25 30 35 40 45 50
k

Fig 4. Running time on varying l and k respectively in Nipic. (a) Running time on varying /, (b) Running time on varying k.

https://doi.org/10.1371/journal.pone.0259028.9004
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Fig 5. Running time on varying h in Nipic. (a) Running time on varying h at [ = 3, (b) Running time on varying h at k = 10.
https://doi.org/10.1371/journal.pone.0259028.9005

Fig 4(b) shows the running time on varying k in Nipic, where [ = 1, 3, 5, 7. We observe that
the running time almost remains stable as k increases, which indicates time overhead does not
change as k increases. This is because the running time is affected by the sorting rather than
the similarity calculation, and sorting overhead is almost negligible compared with the compu-
tational overhead. And the running time fluctuates significantly at [ = 7, due to the instability
of the machine.

Fig 5(a) shows the running time on varying 4 in Nipic. We observe that the running time
decreases as h increases from 0.1 to 0.9. It drops rapidly from h = 0 to 0.6, and afterward, the
slowly decreases as h increases. Because of a larger h, the more noisy links will be removed in
picture-tag network, which indicates the efficiency can be significantly improved after 4 = 0.6.
So we set h as 0.8 if not specified in other experiments.

Fig 5(b) shows the running time on varying 4 in Nipic. The figure illustrates that the run-
ning time decreases as h increases except for the curve of / = 1 remain stable, since we only
consider direct in-links among nodes at / = 1 and the time change is minor as k increases. At
the same [, the larger network, the longer running time. The reason is that PictureSim itera-
tively calculates the similarity between pictures, which makes running time increase evidently.

ImageNet

Fig 6(a) shows the MAP scores of PictureSim on varying / in ImageNet. We observe that the
MAP scores of PictureSim are relatively lower than that of Nipic. The reason is that each pic-
ture is described by only one tag, which fails to fully express the semantics information of the
picture. Moreover, MAP scores irregularly fluctuate as [ increases, including the ranking of top
5, top 10 and top 15, because PictureSim searches all similar pictures at I = 1 and it has the
same similarity scores. However, the returned ranking is different due to the sort algorithm.
Fig 6(b) shows the MAP scores of PictureSim on varying k in ImageNet. The results are similar
to Fig 2(b), but the curve relatively fluctuates compared with Fig 2(b), and the difference
between maximum and minimum is smaller than Nipic, the reason is as mentioned above.
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Fig 6. MAP on varying I and k respectively in ImageNet. (a) MAP on varying /, (b) MAP on varying k.

https://doi.org/10.1371/journal.pone.0259028.g006

T

Fig 7(a) shows the running time on varying / in ImageNet, where k = 5, 10, 15. In which,
the running time increases as ] increases. But the time overhead is very small, especially Ima-
geNet takes 0.004s at [ = 7, while Nipic needs 7.3s. This is because each picture is described by
only one tag, the picture-tag network is very sparse in ImageNet. Fig 7(b) shows the running
time on varying k in ImageNet, where [ =1, 3, 5, 7. The result is similar to Fig 4(b), and the rea-
son is as mentioned above. But the fluctuation of curve is relatively evident compared with

Nipic. Because the time overhead of ImageNet is very small, so the time overhead of sort is rel-
atively evident.

Scalability

Fig 8 shows the scalability of PictureSim. We randomly select different # from Nipic and Ima-
geNet, where # is the number of nodes. Fig 8(a) shows the running time slowly increases as n

(b)
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Fig 7. Running time on varying ! and k respectively in ImageNet. (a) Running time on varying , (b) Running time on varying k.

https://doi.org/10.1371/journal.pone.0259028.g007
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Fig 8. Running time on varying n. (a) ImageNet, (b) Nipic.
https://doi.org/10.1371/journal.pone.0259028.9008

increases at [ = 1, 3, 5 and obviously increases at [ = 7. Because PictureSim iteratively computes
similarity scores, as the network becomes larger, the running time obviously increases as
increases. And due to the network is very sparse in ImageNet, the time overhead is very small.
Fig 8(b) shows the running time on varying » in Nipic. The figure illustrates that the run-
ning time slowly increases as n increases at [ = 1, 3, 5, and obviously increases at [ = 7, especially
the n varies from 30,000 to 37,200. The reason is that the picture-tag network becomes dense
as n increases, it traverses more paths as [ increases, which takes more time to obtain similar
pictures. And the network is large, the time overhead increases exponentially as [ increases.

Conclusion

This paper proposes a semantic similarity search method, namely PictureSim, for effectively
searching similar pictures by building a picture-tag network. Compared with content-based
methods, PictureSim can effectively and efficiently search similar pictures, which produces a
better correlation with human judgments. Empirical studies on real datasets demonstrate the
effectiveness and efficiency of our proposed approach. Future work will extend our approach
to other datasets for effectively searching similar objects in other fields, because PictureSim is
proposed for searching semantically similar pictures. Then, PictureSim requires O(d*) time
cost, and the number of paths increases exponentially as path length increases, which makes
computation expensive in terms of time and space and cannot support fast similarity search
over large networks. So we will focus on reducing computational overhead to ensure timely
response in large networks.

Author Contributions

Conceptualization: Mingxi Zhang, Liugian Yang.

Data curation: Liugian Yang, Yipeng Dong, Jinhua Wang.
Formal analysis: Mingxi Zhang, Liugian Yang.

Funding acquisition: Mingxi Zhang.

Investigation: Mingxi Zhang, Liugian Yang.

PLOS ONE | https://doi.org/10.1371/journal.pone.0259028 November 1, 2021 13/16


https://doi.org/10.1371/journal.pone.0259028.g008
https://doi.org/10.1371/journal.pone.0259028

PLOS ONE

Picture semantic similarity search based on bipartite network of picture-tag type

Methodology: Mingxi Zhang, Liugian Yang, Qinghan Zhang.

Software: Liugian Yang.

Writing - original draft: Liugian Yang.

Writing - review & editing: Liugian Yang.

References

1.

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

Wang X, Guo Z, Zhang Y, Li J. Medical Image Labelling and Semantic Understanding for Clinical Appli-
cations. In: Experimental IR Meets Multilinguality, Multimodality, and Interaction-10th International Con-
ference of the CLEF Association, CLEF 2019, Lugano, Switzerland, September 9-12, 2019,
Proceedings; 2019. p. 260-270.

Peng B, Wang W, Dong J, Tan T. Optimized 3D Lighting Environment Estimation for Image Forgery
Detection. In: IEEE Trans. Information Forensics and Security. vol. 12; 2017. p. 479-494. https://doi.
org/10.1109/TIFS.2016.2623589

Yul,HanF,Huang S, Luo Y. A content-based goods image recommendation system. Multimedia
Tools Appl. 2018; 77(4):4155-4169. https://doi.org/10.1007/s11042-017-4542-z

Wei Y, Niu C, Wang Y, Wang H, Liu D. The Fast Spectral Clustering Based on Spatial Information for
Large Scale Hyperspectral Image. IEEE Access. 2019; 7:141045-141054. https://doi.org/10.1109/
ACCESS.2019.2942923

Oliva A, Torralba A. Modeling the Shape of the Scene: A Holistic Representation of the Spatial Enve-
lope. International Journal of Computer Vision. 2001; 42(3):145-175. https://doi.org/10.1023/
A:1011139631724

Lowe DG. Distinctive Image Features from Scale-Invariant Keypoints. International Journal of Com-
puter Vision. 2004; 60(2):91-110. https://doi.org/10.1023/B:VISI.0000029664.99615.94

Bay H, Tuytelaars T, Gool LV. SURF: Speeded Up Robust Features. In: Computer Vision—ECCV
20086, 9th European Conference on Computer Vision, Graz, Austria, May 7-13, 2006, Proceedings, Part
1; 2006. p. 404—417.

Babenko A, Lempitsky VS. Aggregating Deep Convolutional Features for Image Retrieval. CoRR.
2015;p. 4321-4329.

Rodrigues EO, Liatsis P, Ochi LS, Conci A. Fractal triangular search: a metaheuristic for image content
search. IET Image Processing. 2018; 12(8):1475-1484. https://doi.org/10.1049/iet-ipr.2017.0790

Mehmood Z, Rashid M, Rehman A, Saba T, Dawood H, Dawood H. Effect of complementary visual
words versus complementary features on clustering for effective content-based image search. Journal
of Intelligent and Fuzzy Systems. 2018; 35(5):5421-5434. https://doi.org/10.3233/JIFS-171137

Zhou Z, Zhang L. Content-Based Image Retrieval Using lterative Search. Neural Processing Letters.
2018; 47(3):907-919. https://doi.org/10.1007/s11063-017-9662-y

Durmaz O, Bilge HS. Fast image similarity search by distributed locality sensitive hashing. Pattern Rec-
ognition Letters. 2019; 128:361-369. https://doi.org/10.1016/j.patrec.2019.09.025

Hanyf Y, Silkan H. A fast and scalable similarity search in high-dimensional image datasets. [JCAT.
2019; 59(1):95-104. https://doi.org/10.1504/IJCAT.2019.10018181

Cao P. Interactive Image Contents Search Based on High Dimensional Information Theory. IEEE
Access. 2019; 7:141941-141946. https://doi.org/10.1109/ACCESS.2019.2944756

Sharif U, Mehmood Z, Mahmood T, Javid MA, Rehman A, Saba T. Scene analysis and search using
local features and support vector machine for effective content-based image retrieval. Artif Intell Rev.
2019; 52(2):901-925. https://doi.org/10.1007/s10462-018-9636-0

Vasan Danish, W S, S B, Z Q, Alazab Mamoun. Image-Based malware classification using ensemble of
CNN architectures (IMCEC). Comput Secur. 2020; 92:101748. https://doi.org/10.1016/j.cose.2020.
101748

Gadekallu T, Rajput D, Reddy P, Lakshman K, Bhattacharya S, Singh S, et al. A novel PCA—whale opti-
mization-based deep neural network model for classification of tomato plant diseases using GPU. Jour-
nal of Real-Time Image Processing. 2020 06;p. 1-14.

Bhattacharya S, Reddy Maddikunta PK, Pham QV, Gadekallu TR, S SR Krishnan, Chowdhary CL, et al.
Deep learning and medical image processing for coronavirus (COVID-19) pandemic: A survey. Sustain-
able Cities and Society. 2021; 65:102589. https://doi.org/10.1016/j.scs.2020.102589 PMID: 33169099

Zehra W, Javed AR, Jalil Z, Gadekallu T, Kahn H. Cross corpus multi-lingual speech emotion recogni-
tion using ensemble learning. Complex & Intelligent Systems. 2021 01;p. 1-10.

PLOS ONE | https://doi.org/10.1371/journal.pone.0259028 November 1, 2021 14/16


https://doi.org/10.1109/TIFS.2016.2623589
https://doi.org/10.1109/TIFS.2016.2623589
https://doi.org/10.1007/s11042-017-4542-z
https://doi.org/10.1109/ACCESS.2019.2942923
https://doi.org/10.1109/ACCESS.2019.2942923
https://doi.org/10.1023/A:1011139631724
https://doi.org/10.1023/A:1011139631724
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1049/iet-ipr.2017.0790
https://doi.org/10.3233/JIFS-171137
https://doi.org/10.1007/s11063-017-9662-y
https://doi.org/10.1016/j.patrec.2019.09.025
https://doi.org/10.1504/IJCAT.2019.10018181
https://doi.org/10.1109/ACCESS.2019.2944756
https://doi.org/10.1007/s10462-018-9636-0
https://doi.org/10.1016/j.cose.2020.101748
https://doi.org/10.1016/j.cose.2020.101748
https://doi.org/10.1016/j.scs.2020.102589
http://www.ncbi.nlm.nih.gov/pubmed/33169099
https://doi.org/10.1371/journal.pone.0259028

PLOS ONE

Picture semantic similarity search based on bipartite network of picture-tag type

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Javed AR, Jalil Z. Byte-Level Object Identification for Forensic Investigation of Digital Images; 2020. p.
1-4.

Jeh G, Widom J. Simrank: a measure of structural-context similarity. In: Proceedings of the Eighth ACM
SIGKDD International Conference on Knowledge Discovery and Data Mining, July 23-26, 2002,
Edmonton, Alberta, Canada; 2002. p. 538-543.

Zhao P, Han J, Sum Y. P-Rank: a comprehensive structural similarity measure over information net-
works. In: Proceedings of the 18th ACM Conference on Information and Knowledge Management,
CIKM 2009, Hong Kong, China, November 2-6, 2009; 2009. p. 553-562.

SunY, Han J, Yan X, and Wu Tianyi Y PS. PathSim: meta path-based Top-k similarity search in hetero-
geneous information networks. PVLDB. 2011;p. 992—1003.

Choudhury A, Sharma S, Mitra P, Sebastian C, Naidu SS, Chelliah M. SimCat: an entity similarity mea-
sure for heterogeneous knowledge graph with categories. In: Proceedings of the Second ACM IKDD
Conference on Data Sciences, Bangalore, CoDS 2015, India, March 18-21, 2015; 2015. p. 112—113.

Tian B, Xiao X. SLING: A Near-Optimal Index Structure for SimRank. In: Proceedings of the 2016 Inter-
national Conference on Management of Data, SIGMOD Conference 2016, San Francisco, CA, USA,
June 26—-July 01, 2016; 2016. p. 1859-1874.

Shao Y, Cui B, Chen L, Liu M, Xie X. An efficient similarity search framework for SimRank over large
dynamic graphs. PVLDB. 2015;p. 838—849.

Liu'Y, Zheng B, He X, Wei Z, Xiao X, Zheng K, et al. ProbeSim: Scalable Single-Source and Top-k Sim-
Rank Computations on Dynamic Graphs. PVLDB. 2017; 11(1):14-26.

Yu W, Lin X, Zhang W, Pei J, McCann JA. SimRank*: effective and scalable pairwise similarity search
based on graph topology. VLDB J. 2019; 28(3):401-426. https://doi.org/10.1007/s00778-018-0536-3

Wei Z, He X, Xiao X, Wang S, Liu Y, Du X, et al. PRSim: Sublinear Time SimRank Computation on Large
Power-Law Graphs. In: Proceedings of the 2019 International Conference on Management of Data, SIG-
MOD Conference 2019, Amsterdam, The Netherlands, June 30-July 5, 2019; 2019. p. 1042—-1059.

Song J, Luo X, Gao J, Zhou C, Wei H, Yu JX. UniWalk: Unidirectional Random Walk Based Scalable
SimRank Computation over Large Graph. IEEE Trans Knowl Data Eng. 2018; 30(5):992—1006. https://
doi.org/10.1109/TKDE.2017.2779126

Shidieming, Y R, X X, Y'Y, Jin Tianyuan. Realtime Index-Free Single Source SimRank Processing on
Web-Scale Graphs. Proc VLDB Endow. 2020; 13(7):966—978. https://doi.org/10.14778/3384345.
3384347

Spirin N, Han J. Survey on web spam detection: principles and algorithms. SIGKDD Explorations. 2011;
13(2):50—-64. https://doi.org/10.1145/2207243.2207252

Jin R, Lee VE, Hong H. Axiomatic Ranking of Network Role Similarity. Proceedings of the 17th ACM
SIGKDD International Conference on Knowledge Discovery and Data Mining, San Diego, CA, USA,
August 21-24,2011. 2011;(1):922-930.

Zheng W, Zou L, Feng Y, Chen L, Zhao D. Efficient SimRank-based similarity join over large graphs.
PVLDB. 2013; 6(7):493-504.

Lee P, Lakshmanan LVS, Yu JX. On top-k structural similarity search. In: IEEE 28th International Con-
ference on Data Engineering (ICDE 2012), Washington, DC, USA (Arlington, Virginia), 1-5 April, 2012;
2012. p. 774-785.

Faloutsos C, McCurley KS, Tomkins A. Fast discovery of connection subgraphs. In: Proceedings of the
Tenth ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, Seattle,
Washington, USA, August 22-25, 2004; 2004. p. 118-127.

Koren'Y, North SC, Volinsky C. Measuring and extracting proximity in networks. In: Proceedings of the
Twelfth ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, Philadel-
phia, PA, USA, August 20-23, 2006; 2006. p. 245-255.

Vinyals O, Toshev A, Bengio S, Erhan D. Show and Tell: A Neural Image Caption Generator. In: IEEE
Conference on Computer Vision and Pattern Recognition, CVPR 2015, Boston, MA, USA, June 7-12,
2015;2015. p. 3156-3164.

Yang Z, Yuan'Y, Wu Y, Cohen WW, Salakhutdinov R. Review Networks for Caption Generation. In:
Advances in Neural Information Processing Systems 29: Annual Conference on Neural Information Pro-
cessing Systems 2016, December 5-10, 2016, Barcelona, Spain; 2016. p. 2361-2369.

Suzuki Y, Mitsukawa M, Kawagoe K. A Image Retrieval Method Using TFIDF Based Weighting
Scheme. In: 19th International Workshop on Database and Expert Systems Applications (DEXA 2008),
1-5 September 2008, Turin, Italy; 2008. p. 112—116.

Zhenjiang Lin MRL Irwin King. PageSim: A Novel Link-Based Similarity Measure for the World Wide
Web. In: 2006 IEEE / WIC / ACM International Conference on Web Intelligence (WI 2006), 18-22
December 2006, Hong Kong, China. IEEE Computer Society; 2006. p. 687—693.

PLOS ONE | https://doi.org/10.1371/journal.pone.0259028 November 1, 2021 15/16


https://doi.org/10.1007/s00778-018-0536-3
https://doi.org/10.1109/TKDE.2017.2779126
https://doi.org/10.1109/TKDE.2017.2779126
https://doi.org/10.14778/3384345.3384347
https://doi.org/10.14778/3384345.3384347
https://doi.org/10.1145/2207243.2207252
https://doi.org/10.1371/journal.pone.0259028

PLOS ONE Picture semantic similarity search based on bipartite network of picture-tag type

42, Hajdu A, Téth T. Approximating non-metrical Minkowski distances in 2D. Pattern Recognition Letters.
2008; 29(6):813—-821. https://doi.org/10.1016/j.patrec.2008.01.001

43. Grauman K, Darrell T. The Pyramid Match Kernel: Discriminative Classification with Sets of Image Fea-
tures. In: 10th IEEE International Conference on Computer Vision (ICCV 2005), 17-20 October 2005,
Beijing, China; 2005. p. 1458—1465.

PLOS ONE | https://doi.org/10.1371/journal.pone.0259028 November 1, 2021 16/16


https://doi.org/10.1016/j.patrec.2008.01.001
https://doi.org/10.1371/journal.pone.0259028

