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Abstract

Retrieving images to match with a hand-drawn sketch Q

query is a highly desired feature, especially with the pop-

ularity of devices with touch screens. Although query-by-

sketch has been extensively studied since 1990s, it is still

very challenging to build a real-time sketch-based image O

search engine on a large-scale database due to the lack of

effective and ef cient matching/indexing solutions. Tke e

plosive growth of web images and the phenomenal success

of search techniques have encouraged us to revisit thisprob O O

lem and target at solving the problem of web-scale sketch-

based image retrieval. In this work, a novel index structure —

and the corresponding raw contour-based matching algo- v

rithm are proposed to calculate the similarity between a O Q ,

sketch query and natural images, and make sketch-based 2 e SN

image retrieval scalable to millions of images. The pro- Figure 1. Example results of the MindFinder system, quenied

posed solution simultaneously considers storage cost, re-S0Me sequential interactive operations. For each stepl,dop-

trieval accuracy, and ef ciency, based on which we have sults from th_e datgbase of 2 million images are_shown. The use

developed a real-time sketch-based image search engine ngt drew a circle-like shape, and then progressively adere

) ) e . . urves. As we can see, every newly added stroke leads to more

mdexmg more 'Fhan 2 million images. Extensive eXper,'m,entsimpressive and relevant results.

on various retrieval tasks (basic shape search, speci ¢ im-

age search, and similar image search) show better accuracysketch-based search system for millions or even billions of

and ef ciency than state-of-the-art methods. images. Most research efforts still focus on the study of
sketch-to-image matching on a small-scale dataset. But in
practice, a large-scale image database is highly desired to

1. Introduction ensure the system can always nd good matches for any s-
ketch query. The necessity of an ef cient index solution

_ Shape plays an important role in human visual percep- g, her makes sketch-based image search more challenging.
tion, and has been widely used as a basic representation 1, ild a large-scale sketch-based image search engine,

IOft‘?‘ vane(;y of corjr:_putelr4wi|or'la\tasks, such as %bjecLIde- we need to overcome the following two challenges, i.e.
ection and recognition [14, 1]. As a core research problem matchingandindexing However, the two challenges are

in computer vision, searching for images to match with a intimatelv coupled with each other. makina it inappromiat
hand-drawn sketch query has become a highly desired feafo just st}l/de opne of them. The cémplexi?y of aprﬂatging

ture, especially Fjue to th_e explpswe growth of web images algorithm determines whether a proper index structure can
a}nd the popglanty of dgwces with touch SCreens. An effec- be designed to speed up the retrieval process. Meanwhile,
tive a_nd ef cient technique for sketch—basgd image SearChthe growing desire of searching in larger databases poses
technlqge coulq.enable many useful.apphcanons, such a more rigid requirement on the matching precision, for a
gnhanqng tradltlonal k?ywor?"bas?d image search, and er‘Targer database increases the possibility of returningefal
lightening children/designers' drawing. ositives in top results

Sketch-based image search has been extensively studie% In computer vision. many research efforts have been

zlnce :%9?08' .tHct).\lAllever, .due to th% l"I’}Ck qf art1 e:jmerln In- spent on the shape-to-image matching problem. To bridge
ex solution, 1t stil remains very challenging 1o develop a y,q representational gap, many methods rst generate some
This work was performed at Microsoft Research Asia. intermediate descriptors, e.g. edge histogram [7], or di-
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rectly extract representative contours, e.g. Canny Edge [3 ry cost on a common server, and supports real-time response
from natural images in the database. Other methods try to(around 1 second). See Fig.1 for example search results.
avoid this problem and constrain themselves to searching a It is worth noting that the tags of web images can be used
special kind of artworks, such as clip arts [15, 8] or simple to bridge the semantic gap between a query sketch and a
patterns [11, 12], which cannot be easily generalized to nat natural image in case the sketch is insuf cient to describe a
ural images. To facilitate the similarity calculation beemn user's search intent. MindFinder also supports adding tags
a sketch query and a natural image, mainstream approachet® associate with the sketch query to further enhance the
divide them into the same number of blocks in a 2-D space relevance of search results.
[7] or angular sectors in a polar space [5], in which the nal It should be noted that there are two works that looks re-
representations are all 1-D vectors with equal length. Thislated but are different from this work. Retriévs an inter-
process greatly speeds up the pairwise matching. Howeveresting image search engine that enables users to nd images
none of these methods can fully capture the spatial informa-by drawing color strokes, which actually matches the color
tion of contours within each block. The other trend is to use distributions rather than shapes. Sketch2Photo [6] has a s-
complex models to encode geometric information and mu- ketch input interface, but it is an image montage system, in
tual relationship of objects, e.g. topology models [15, 8]. which the sketch works as a rough lter to extract candidate
However, these models are computationally very expensive objects from a small image set collected by tag queries. It
In contrast, little work has been done for solving the often takes long time (in minutes) to composite an image.
shape-based indexing problem. Most existing query-by-
sketch methods suffer from the scalability issue due to the 2, Edgel Index
lack of ef cient indexing mechanisms. When scaling up to
millions of images, the response time and system cost are In this section, we introduce the proposed indexing s-
generally unacceptable. A few methods [7] in the literature trategy for large-scale sketch-based image search, fetdow
were reported to increase the data size to more than one milby the structure-consistent sketch matching algorithrhén t
lion. However, their core techniques merely rely on linear next section.
scan in the whole database, which greatly limits their scal- .
ability to larger image corpora. In the industry, Gazbiga  2-1- Problem Formulation

a large-scale multi-modal image search engine, whose tech-  The sketch-based image search in this work is de ned as
nical details of the sketching part are undisclosed. Howeve fg|lows. As shown in Fig.1, a user can draw some strokes
its response time for a sketch query is typically more than tg represent the contours of an object(s) or a scene, and our
15 seconds, which is far from satisfactory. system will return thébest matched”images to the user.

In this work, we systematically investigate the problem The so-called “best matched” are two folds: shape sen-
of large-scale sketch-based image search, and propose agjtive, which means that the shape of the resulting image
ef cient matChing/indeXing framework targeting at milhie should be as close as possib|e to the user's input' apd.Z)
level or even larger image corpora. First, a novel index sjtion sensitivewhich means that the matched object should
structure called edgeindex is proposed for sketch-based pe at a similar position as the input sketch. In this paper, a
image search by converting a shape image to a documentsketch is represented by multiple contours, and each con-
like representation. Different from the well-knovirag- tour consists of many edgel pixelsdgel3. For each image
of-featuresrepresentation in local feature-based image re- in the database (called database image), we rst convert it
trieval, where the visual Vocabulary is quantized in the vi- to a Shape image by edge detection and boundary detection,

sual space, we describeaual wordusing a triple(x; y; ) and then we compare the similarity between a query sketch
of the positionx = (X;y) of an edge pixeldge) and  and each database image in the shape space. We will detail
the edgel orientation at that position. By converting the image feature extraction in the experiment section.
image; edgels >representation te document; words > To achieve this goal, many similarity measures could be

representation, we can leverage an inverted index-likestr  5dopted, among which we choose tBeamfer Matching
ture to speed up the sketch-based image search and makgm) [2] and its variants, e.g. the Oriented Chamfer Match-
real-time response possible in a million-level database:- S jhg (OCM) [16], due to their good performance on compar-
ond, we propose a matching algorithm callstucture-  ing contours of objects [10]. Let us use a set of eddels
consistent sketch matchirtg measure the similarity be- o represent the contours of an image, in which the posi-
tween a sketch query and a database image, which could b@on of an edgep 2 D is denoted byp = (Xp;Yp) and its

ef ciently implemented by our index strategy. Third, based gradient orientation is denoted by. The basic Chamfer

on the proposed matching/indexing framework, we build a pistance [2] from a database imaBeto the query sketch
sketch-based image search engine called MindFindér Q is de ned as follows:

which indexes 2.1 million Flickr images with 6.5GB memo-

Dist pi — p2p MINKX, Xgko Q)
http://www.gazopa.com/ Q IDj P q2Q P d
2edgel - the abbreviation of edge pixel
Shttp://research.microsoft.com/en-us/projects/mirten 4http://labs.systemone.at/retrievr
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Figure 2. lllustration of how to compare an object contodugb (a) (b) ()
line) with a query sketch (red line). For convenience, wephdo  Figure 3. Toy example of the IOCM process from a contour to a
theL, distance and only show one orientation channel for each sketch with tolerance radius= 3. (a) The contour (black lines).
method. (a) Adistance transfornmap generated from the sketch  (c) The sketch (colored lines). It is divided into 3 partsézhsn
using the OCM method. (b) The object contour. (cHK map their orientations. Different colors, i.e. purplé®}, green 60°)
generated from the sketch using the proposed IOCM method.  and red {2¢°), indicate different orientations. (b) Hit map (6

L . channels) generated from the sketch. In each channel,daht
wherejDj is the number of edgels of image. Chamfer ored grids show the valid area expanded from the correspgndi

Matching seeks to nd the nearest e_dgel on the query SketChsketch. We also display the contours (black lines) on cpmed-
Q for every edgel of the database imége In ordertore- g channels. Two channels are ignored since they are erfipty.
duce its complexity fron®(jDj jQj ) to O(jDj), adistance  this case, the horizontal line of the contour matches withtirery
transformmap (as illustrated in Fig.2) of the query sketch sketch, whereas the vertical line does not have a match.

Q could be constructed in advance, which actually uses s- .

torage cost to reduce time cost. The symmetric Chamfer2'2' Edgel Index Algorithm

Distance is given by: 2.2.1 Indexable Oriented Chamfer Matching
: 1. : Actually, as shown in Fig.2(a), the distance transform map
Dist o.p = =(Dist + Dist 2 ’ ! e .
Qb 2( Qb b ) @) of a contour is a multi-value distance map and not easy to

index. To utilize an inverted index-like structure, we pro-
pose to transform the distance map to a binary similarity
map (called Hit map). In our algorithm, the Hit map°

of a query sketck®) hasN channels, and each channelis a

To encode orientation information of the edgel during
the matching, the basic Oriented Chamfer Matching [16]
was proposed:

. 1 . binary mapM ?; 2, whereN is the number of quan-
Dist = — min  kxp, Xgk : . . .

DIQ iDj 2 p2D & = 2Q& o= P qr2 ti ed orientations. The value of the positio on the map
where is the set of quanti ed orientations. (3) M @ is given Py the following Hit function:

A major shortcoming of the Oriented Chamfer Match- Hit o (p) = 1 992Q (kxq Xpk, r& p= g);
ing (OCM) is its scalability issue. With OCM, we have to QWP = 4 Gtherwise
compare a query sketch with all the images in a database , ) (4)
and store their distance maps for speedup. Although it isWherer is thetolerance radius
not dif cult to calculate the distance between two contours ~ Moreover, for an edggp 2 D, we can also use Eqn.4
using OCM method according to Eqn.3, it is not trivial to {0 identify whether there is an edgel @ with the same
design an ef cient indexing mechanism for OCM in sketch- Crientation around positior,. By a simple Breadth-First-
based image retrieval, which makes chamfer matching- Se&rch algorithm, the Hit map @ could be generated in
related methods rarely used in large-scale applications. T ( Q). To calculate the similarity from imade to Q, we
search within two million images, all distance transform ©nly need alinear scan as follows:
maps for distance calculation need an extra 447@Bmo- . .
ry space, which is dif cult to handle using a common serv- Simpio = JF] p2p Hit o(p) (%)
er with 8GB 32GB memory. Due to the lack of index- i o _
ing mechanism, even if there exists a super machine whichwhose time complexity i( jDj). Thus, the symmetric In-
could load such a huge amount of data into memory, the dexable Oriented Chamfer Matching (IOCM) is given by:
time cost of linear scanning the whole database is still un-
acceptable.

Therefore, to build a practical sketch-based image search  In this way, we naturally convert the distance measure-
engine with OCM as the similarity matching function, we Mentinto a similarity measurement. Compared with OCM,

need to develop an ef cient index structure for it. IOCM greatly simpli es the computational complexity and
reduces the system cost. Besides the indexable property, an

Gy — § o 10 & size whoseslo other advantage of this measurementis the ability of télera
e assume that all Images are downsampiled (0 a size whosesiong H H H H

side is 200 (see Section 4.2 for details). Supposing a distéransfor- ing local _dIStOI’tlonS. For e>_<amp_|e, as shown in Fig.2, .When
m map has 6 orientation channels, the total siz8d® 200 6 a user tries to draw a stra!ght line, d_ue to the treml_ollng of
2=1024=1:024%>  447GB. user's ngers, local distortions (red line) are unavoidabl

SimQ;D = (SimQ!D SingQ )% (6)

763



Sketch (Hit Map)

i Inverted [poc D1 Doc ID 2

ist 2
_______ -|Doc ID3:;"----|DOC |D3I il : Sketch Query X
- ! Database*Query  Without |D|

Results

________ \ 4 A 4 : Two-Way
[Doc 'D7! ','IDOC ouf ! Figure 5. Top one results from three matching methods. Isiage

the bottom line are the corresponding contour maps.

|

The proposed edgel index and rank strategy fully imple-
ments the IOCM process (database to query part), which
! _ . . _ : greatly reduces the time complexity frofn T) (T is total
Picture in the upper—lgft corner is a mixed map comblrjed with number of edgels in the database)d® L), whereP is
user sketch and its Hit map (all channels are merged into @I My, o\ mber of non-zero elements in the Hit map krisithe
for better visibility). . . . . .

average length of inverted lists. A typical operation cest i
Using OCM (Fig.2(a)), the distance from the desired con- small (less than 1 second in this work to search more than 2
tour (blue line) to the sketch is 1.16, which is much larger million images), for it inherently avoids unmatched edgels
than 0. While using IOCM (Fig.2(c)), the two contours are The storage cost of this index structure in this work is 3.7G-
treated to be fully matched. Another example is shown in B® for 2.1 million images, which is generally acceptable for
Fig.3, where the horizontal line of the contour matches with a common server.
the query sketch, while the vertical line does not match.

2.2.3 Efcient Indexing for Two-Way Matching

As shown in Fig.5, the one-wdy ! Q IOCM often leads
Given a query sketch and its Hit map, although Eqgn.5 is to trivial results (see the left column in Fig.5). This preii
computationally simple, to enumerate edgels of all imagescannotbe trivially solved by abolishing the denomingibgr
from a large database is still very time consuming. Motivat- in Eqn.5. Without this punishment, the top images tend to
ed by the success of search techniques, we adopt an invertele full of edgels (the middle column). Actually, these un-
index strategy to implement the IOCM formula. satisfactory results could be lItered out by combining the
From Fig.3 we nd that, in the matching process, an Opposite direction matchin@ ! D as in Eqn.6 (the right
edgelp = (x;y; ) from an image could have a hit only ~column).
when the value of positiofx; y) in channel of the Hit map TheQ ! D matching could be achieved by using a sim-
of the query sketch is 1. Thus, if considering each edgelilarindex mechanismas thatfdr! Q  matching. To build
as a “word”, we could build an edgel dictionary for the w- such index structure, we should rst generate Hit maps for
hole database, in which each entry is represented by a tripleall images in the database, which will cost about 55.9GB
(x;y; ). Inthis work, the resolution of our sketch panelis memory. Apparently, it cannot be handled by a common
200 200, and the orientation space is equally quantied server. To address this problem, we only store raw curves
into 6 bins, i.e. 15 s 15:15 s 45 :::::135 s 165. instead of the distance transform map for each database im-
Thus, our dictionary has 200 200 6 = 240,000 en-  age. Our solution is to rst choose tdyp candidate images
tries. Based on this, we propose a novel edgel index struc-based on the database-to-query indeXitigen online gen-
ture (Fig.4) to organize all database images. For each entngrate the distance transform maps for theimages, and
(x;y; ) inthe dictionary, there is an inverted list of images nally use Eqn.6 to rank these images. In this wokk,is

2.2.2 Indexing for Database-to-Query Matching

(IDs) which contain edged = (X;y; ). set to 5000 for considering both time cost and retrieval pre-
With the help of this index structure, we can design an cision. .
ef cient ranking algorithm to quickly execute th2 ! Q Using the proposed Edgel Indexing framework, we have

matching. As shown in Fig.4, given a query sketch and its built the MindFinder system which indexed 2.1 million im-
pre-generated Hit map, for each non-zero element at posi-2ges. The total memory cost includes two paBIGB
tion (x;y) in channel of the Hit map, the algorithm visits ~ for indexing and2:8GB for raw curve features, which are
its corresponding entry and inverted list in the index struc 6:5GB in total. The retrieval time is arouris. In Table.1,
ture, and then goes through all the image IDs. Each ID We list the resource cost after each step. The last colum-
contributes 1 hit to the similarity score of the correspond- N shows a practical solution for a large-scale sketch-based
ing image. Then the algorithm analyzes every non-zero el-System.
Emgnt’dand ﬁums UE hit ?umtierz for (.eafCh Imaﬁl?' Fma”y’ 5The database contains 1001 million individual edgels. Beithem,

y dividing the number of total edgejBj for each image  each ID takes 4 byes, and total sizd @01 4=1024=1:0242  3:7GB.
as in Eqn.5, we can rank database images based on these 7| orderpto increase the recall of the candidate images, ilémenta-
normalized similarity scores. tion, we use Dj instead ofDj in Eqn.5 in this step.
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| [ OCM [ SSM[ EI [ Final | User Query

Memory®'Q ) || 28 | 28 | 3.7 | 3.7 (j { ~
Memory Q'!'D ) 447 | 559 | 559 | 2.8 e
Time(®!Q ) |[ N/A [ N/A | 08 | 038 Brankca Smozoe TImage A
Time@Q!D ) N/A | N/A | NJA | 04 Decomposition
Table 1. Overview of the resource cost after each step fexing Iﬂ ‘E
and searching 2 million images. The rst two rows are memory —
cost (GB) and the rest are response time (second). N/A itedica ARanki13V Sim0.188
it is far from practical. “EI” means SSM with edgel index (EI) B Rank:2 ASim:0:258  Contour Map of A Contour Map of B
Strategy_ “Final” means approximate two_Way matching_ Figure 6. I“Umination Of StrUCture-ConSiStent matChimgShOWS
. . ranks and similarity scores before and after adding straetu
3. Structure-Consistent Sketch Matching consistent matching. As we can see, image B is ranked higher

than A after taking account of the query structure.
When searching images, users may draw muItipIe4 E . tal R It
strokes to nd images with multiple objects. Sometimes, ™ xperimental Results

the database may be lack of such ideal images. As shownin |, this section, we evaluate the proposed algorithms and

Fig.6, image A with one part well matched with the query gamework for three tasks: basic shape search, speci ¢ im-
is ranked higher than image B with two parts matched but age search, and similar image search.

both of them are not matched very well. However, users

may prefer image B since their search intent (sketch) con-4 1. Experiment Setup

sists of two objects.

To evaluate the proposed matching and indexing algo-

To handle this problem, we need to calculate the match- ith built a sketch-based i h svst hich
ing similarity in a global way. In the implementation, we 'MS, W€ bullt a Sketch-based Image search system whic
ndexed 2.1 million images crawled from Flickr.

decompose one query sketch into multiple sub-queries, and )
use the geometric mean of similarity scores from all these 10 the best of our knowledge, tflensor Descripto(de-
sub-queries as the nal score. The order and spatial infor- N0téd by TENSOR in this work) proposed by Eét al.
mation of strokes recorded by our interface could naturally [7] i the only published large-scale sketch-based image
guide us to divide the sketch query into isolated sub-gserie search Wo_rk in the I|_terature. Different from our system,
Besides, we further divide each stroke into several contin- | ENSOR is a descriptor-based method rather than a raw
uous contours in case users prefer non-stop drawing. Weontour-based method. Moreover, no index system is par-
consider each continuous contour with length more than ticularly designed in TENSOR and it has to linearly scan
(half of the radius of the canvas in this work) as a sub-query, (€ database to respond a query.

and contours less than this threshold will be counted with ~We also evaluated three variants of the proposed ap-
the next contour until it meets the requirement. For a s- Proaches: the proposed edgel index framework with
ketch quenyQ and itsN componentfQ 1; Q»; ::; Q g, the structure-consistentmatching (denoted by EI-S), the

structure-consistent similarity fro@ to D is given by: database-to-queryone-way matching/indexing without
structure-consistent matching (El-1) and thwo-way

matching/indexing without structure-consistent matghin
(El-2).

simgp' =( {1 Simgip ) (7)

which guarantees that each part_is evenly considered and.thgr_z' Image Preprocessing

global structure becomes more important than local details

In implementation, if one component is mismatched, we as-  Before extracting contour features, we rst downsample
sume there is still one hit to avoid zero similarity. It shbul images to a small size (maximal side 200) to keep good
be noted that, the time complexity of structure-consistent balance between structure information preservation and s-
sketch matching (Eqn.7) is stilf jQj), for it just linearly torage cost. Then, we adopt the Berkeley detector [13] to
scans the Hit map &8imqp does, and separately counts extract object contours. With this detector, a natural ienag
similarity for each sub-queries as they are individual ones is transformed into a contour map, and each contour is com-
Thus, the nal Structure-consistent Sketch Matching (SSM) posed by edgels.

score is given as follows: )
4.3. Basic Shape Search

Simg% = N Simo, i )ﬁ ( | Simp; 0 )2 In this part, we evaluate our framework by using eight
i ) ) (8) elemental shapes as sketch queries (see Fig.7 for shape in-
whereSimg,ip andSimp,q are given by Eqn.5. formation). These queries are fundamental components to
For easy implementation, we only use SSMJn! D compose most of complex sketches, and this experiment can
matching, which does not in uence the proposed Edgel In- verify whether our approach can precisely match structures
dex structure. and successfully present users' intents.
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Figure 10. Performance comparison for speci ¢ image search

a short vector to aregion and loses part of local spatialinfo
mation. In contrast, our raw contour-based methods could
fully depict the original shape information. As shown in
Fig.9, for TENSOR (right), though the corresponding areas
are roughly related with the user sketch, few of our subject-
s treated it as relevant, while the result from EI-S (left) is
highly matched. The weakness at distinguishing a specic
line from local texture with similar orientation distriban,
Sauuon Sy = could explain why two images of pathway (marked by yel-
low crosses) are retrieved in topmost results of TENSOR
in Fig.8. On the contrary, EI-1 prefers to retrieve images
with simple shapes, and thus is dif cult to handle complex
gueries. The inferior results of EI-1 in the other two tasks
For each shape, we have four queries, out of which onealso veri ed this point (see Fig.10 and 11 in the next two
was automatically generated by computer, and the otherssubsections).
were freely drawn by three subjects. Then the three sub- We conducted our experiments on an Intel Xeon 2.4GHz
jects were asked to evaluate the results of each method byuad-Core server with 16GB memory. The memory cost of
labeling top 20 results as relevant or not. The evaluationE|-S are 6.5GB, and the average response time is 0.8 sec-
criterion is whether the salient object contours of the imag ond; as to TENSOR method, the costs are 12.6GB and 2.1
is highly matched with the query sketch. seconds respectively. These results have shown the impor-
The precision of the top 20 search results for each shapeance of an index scheme in a large-scale database.
is shown in Fig.7. Itis clear that EI-S is superior than other .
three methods due to its good accuracy on matching shapes4'4' Speci ¢ Image Search
The performance of EI-2 is quite close to that of EI-S ex-  In this task, we want to evaluate the performance of our
cept for the multi-line shapes. The major reason is that, El- system by nding a target image using a sketch query. We
2 only counts the total matching edgels without considering invited ve subjects to nish 100 search tasks. For each
the structure information, whereas EI-S could preserve thetask, we use one image as the query reference. Thus, there
global structure to some extend. As shown in Fig.8, EI-S di- are totally 100 target images, in which 20 images of com-
vides the query sketch into 3 sub-queries (presented by themon objects were manually selected, and the others were
grey-scale image), and the results are all triangles with si  randomly picked from the database. For each reference im-
ilar structure, including an unsymmetrical triangle (metk  age, each subject was asked to rst carefully watch it, and
by a green star). However, El-2 misses this image at the topthen search it by sketching its major contours. Besides, sub
4 place, instead, returning an image with only a long bot- jects were also asked to add tags for every sketch query
tom line (marked by a red circle) partially matched with the to facilitate their search. This approach is denoted as El-
initial query. S(+Tag). The pure tag-based method (denoted by Tag) by
From Fig.7 we can also see that TENSOR performs using the above additional tags as the query is also evaluat-
worse than both EI-S and EI-2 when searching elementaled.
shapes, especially for basic lines. This is caused by the in- “Hit Rate@K”, which is the proportion of all the 100
herent limitation of descriptor-based method, which assig search tasks that could rank the target image in thektop

Figure 8. lllustration of top 4 images retrieved from diffat meth-
ods. The user sketch and its decomposition (different gcaje
indicates different sub-queries) are provided in the tog.li
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Figure 13. Top four results of sketch-based clipart imagecte

The system is scale and translation invariant to query bkein-
Figure 11. Performance comparison for similar image search ages in the rst column are initial sketch queries.

search results, is de ned as the measurement. of concept) matched with the target image. The comparison
The results are shown in Fig.10, from which we can see results are given in Fig.11.
that, EI-S is useful for nding speci c images, since 61 tar- From Fig.11 we can see that, by relaxing the constrain-
get images are ranked at top one, which is 10.9% highert from nding speci c images to nding similar objects
than that of EI-2. with the same structure, for ¥oof the 100 queries, EI-S
The performance of Tag is not good, and only 4 targets successfully ranks the correct images at the top one. By
are ranked in the top 20 results. The reason of the poor percombining with tags to reduce the semantic gap, the per-
formance of tag queries is two folds. On the one hand, theformance of returning similar images at the rst position
target image might not contain the query tag(s). In this case increases to nearly 83 For the tag-only search, the poor
the target image cannot be found at all if only using a tag performance can be explained as the lack of shape and struc-
query. On the other hand, even if the subject chooses a righture information in the search process. Although the TEN-
tag, the tag feature is not distinguishable enough to lecate SOR method also achieves performance improvement in
speci cimage in the top results. Thus, from this experiment this task, it still performs much worse than the proposed
we can see that, pure tag feature is not applicable to speci capproaches.
image search task. However, as a complement of sketch- Fig.12 shows several sketch queries and the correspond-
based search, tag plays a very important role in reducinging top search results of EI-S in the 2.1 million database, in
the semantic gap. As shown in Fig.10, EI-S(+Tag) perform- which the top three ones produced very impressive results,
s better than EI-S (8.2% better in terms of Hit Rate@1).  while the bottom three ones are selected from the query pool
As we can see in Fig.10, TENSOR is worse than EI-S with “bad” search results in terms of similar image search.
and El-2 methods. As to the Hit Rate@1, EI-S and ElI-
2 are 52.5% and 37.5% higher than TENSOR. This result5. Conclusions and Discussions
is consistent with our previous observation that TENSOR
is incapable of both precisely depicting local structurd an
matching two contours. It also veri ed our assumption that
in such a huge database, raw contour-based method for a
curate matching is very necessary.

How to build a practical sketch-based image search en-
gine is deemed to be a very challenging problem in both
academic and industrial communities. In this work, we
Chave systematically investigated this problem, and siseces
The average response time of EI-S for 100 complex s- fully built a real-time large-scale sketch-based imageciea

engine. We have proposed the structure-consistent sketch

ketch queries is about 1.17s, which is about 3 times faStermatchin algorithm as well as the edgel index structure for
than TENSOR's. Moveover, the average response time of. g aig 9

El-2 (1.16s) is almost the same as EI-S, which shows thatlmpl_emer)ting the matchir]g aIgorithm. This might be the
the consistent-structure matching does not bring much time rst indexing strategy particularly designed for largeaies
cost comparing with EI-2 sketch-based image search.

In this work, we describe a visual word using a triple
4.5. Similar Image Search (xy; ) of the positiorx = (x;y) of an edge pixel¢dge)
and the edgel orientationat that position. The introduc-

In real scenarios, users may be interested in searchingng of edgel position to visual word description enables a
a concept in mind by sketching and tagging. This task is highly ef cient inverted index structure and makes it pos-
termed as “similar image search” in this work. Notice that sible to build a real-time large-scale sketch-based image
the de nition to “correctness” for the new task is not as rig- search system. Although the proposed solution can toler-
orous as that for the speci ¢ search task. ate local distortions of users' sketch inputs (See Figuecg 2(

For convenience, we reused the experimental setup offor details), this representation inevitably results ia thss
speci c image search. The subjects were asked to evaluateof position-invariant feature for sketch-to-image manehi
the precision of tofN results for each query rather than on- which is often a desired feature for query sketching. Tech-
ly evaluate the hit of the target image. For all methods in nically it is very dif cult to get a tradeoff solution betwee
our comparison, the criterion of relevance is not only struc ef cient index and position-invariant matching. We have
turally (in terms of shape) but also semantically (in terms noticed that most position-invariant works [9, 14] usually
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Figure 12. Example queries and the corresponding top sesAittcording to subjects' labeling, images marked by yeltbass indicate
that they are irrelevant with the corresponding sketch yireterms of both structure and conceptual meaning; whileges marked by
red circle mean that although they are not the same concéipe gketch query, these images still have very similar giras to the query.

target at searching images in a small-scale dataset. Such[2]
methods usually require a complex algorithm to nd objects

in arbitrary positions in an image. The complexity of these [3]
algorithms makes it impractical to design a feasible index
structure to speed up the search process, which constrains
them only to small-scale retrieval tasks. (4]

In practice, a large-scale database is highly desired to
serve for users' various search intents. We expect that-an ef
cient and scalable index solution can compensate the lac
of position-invariant matching, as in a large-scale search
system, users care more about search precision than reca
l. If the database is large enough, we can always nd good
matches from the database and return them to users. Works
in this genre consider the layout of the drawings in the query
panel as a constraint, and thus could design simpler match- 8]
ing algorithms to search images in a web-scale database.

We can also make further assumptions in some vertical
domains, such as clipart image search in which we can as- [9]
sume that there is only one main object in a clipart image.
Based on this assumption, a variant of the proposed sys-
tem was developed to support scale and translation-invaria [10]
sketch-based search in a 0.7 million clipart image set, lwhic
is much more robust to users' inputs (see Fig.13). [11]

However, an ef cient index solution capable of af ne-
invariant shape-to-image matching is de nitely worth to be [12]
explored and we treat this as our future work.
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