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ABSTRACT
Recognizing freehand sketches with high arbitrariness is such a
great challenge that the automatic recognition rate has reached a
ceiling in recent years. In this paper, we explicitly explore the shape
properties of sketches, which has almost been neglected before in
the context of deep learning, and propose a sequential dual learning
strategy that combines both shape and texture features. We devise
a two-stage recurrent neural network to balance these two types of
features. Our architecture also considers stroke orders of sketches
to reduce the intra-class variations of input features. Extensive
experiments on the TU-Berlin benchmark set show that our method
achieves over 90% recognition rate for the first time on this task,
outperforming both humans and state-of-the-art algorithms by
over 19 and 7.5 percentage points, respectively. Especially, our
approach can distinguish the sketches with similar textures but
different shapes more effectively than recent deep networks. Based
on the proposed method, we develop an on-line sketch retrieval
and imitation application to teach children or adults to draw. The
application is available as Sketch.Draw.
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1 INTRODUCTION
Sketch recognition provides a powerful analysis tool for many com-
puter vision applications [9, 27], such as forensic analysis [16],
sketch-based image retrieval [10, 13, 23], and sketch-based 3D
model retrieval [32].

Sketches, reflecting chief features of objects, have long been
regarded as an effective way for human to communicate ideas.
It is extremely challenging to automatically recognize free-hand
sketches even for human being due to huge intra-class variations
brought by flexible stroke orders and styles. In this work, we ad-
dress this issue by integrating shape information that is inherent
in sketches.

A sketch consists of simple geometric primitives, e.g., line seg-
ments and curves, showing evident differences with natural images.
Nevertheless, previous works typically directly apply textural fea-
tures that gain great success in natural images to sketch recognition.
Hand-crafted features are first used in sketch recognition [7, 24].
These features highly depend on gradients information of images
with rich textures that rarely exist in sketches. Recently, the learn-
ing based features generated by convoluted responses on image
intensities (textures) have produced significant improvements over
the handcrafted ones [39].

Geometric shape cues play an important role in object recogni-
tion. Recent neuropsychological studies reveal that humans have
a specific brain area to process geometric shape information [38].
Learningmodels even trained on natural images from ImageNet pre-
fer to categorize objects according to shapes rather than colors [25].
Unfortunately, traditional hand-crafted local shape features [1, 34]
cannot be directly immigrated to characterize shapes for sketch
recognition since they have a low discriminative ability to intra-
class variations. Therefore, it is highly demanded to devise a new
learning framework to cooperate shape and texture information of
a sketch.

It is also worth noting that the sequential nature of sketch strokes
provides additional information. In a recent work [28], Sarvadevab-
hatla et al. build a recurrent network that takes each stroke image
as the input for sequential learning, yielding significant improve-
ments on accuracy. However, the arbitrariness of stroke orders
evidently alters the network inputs so that intra-class variations
significantly increase. Meanwhile, a single stroke can only provide
limited shape information. Thus, it is also crucial to investigate
utilizing the stroke order while minimizing intra-class variations
of input features, especially when we embed shape cues for sketch
recognition.
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Fi g u r e 1: S o m e s u c c e s sf ul cl a s si fi c ati o n c a s e s wit h a d d e d e x-
pli cit s h a p e f e at u r e s t h at f ail e d wit h o ut s h a p e f e at u r e s.

We d e m o nstr at e t h e e ff e cts of a d d e d e x pli cit s h a p e f e at ur es i n
Fi g. 1. T h e first r o w s h o ws fi v e q u er y s k et c h es t h at w er e s u c c ess-
f ull y r e c o g ni z e d wit h a d d e d s h a p e f e at ur es b ut wr o n gl y cl assi fi e d
wit h o ut s h a p e f e at ur es. T h e m ost si mil ar s h a p es fr o m t h eir wr o n gl y
assi g n e d cl ass es ar e dis pl a y e d i n t h e s e c o n d r o w. We n oti c e si m-
il ar t e xt ur e f e at ur es of c orr es p o n di n g s k et c h es. F or e x a m pl e, t h e
h ori z o nt al a n d v erti c al li n es ar e si mil ar f or b ot h fir e h y dr a nt a n d
s k ys cr a p er, a n d als o t h e stri p es o n ti g er a n d c h ur c h ar e si mil ar.
O n t h e ot h er h a n d, w h e n e x pli cit s h a p e f e at ur es ar e a d d e d, w e ar e
a bl e t o disti n g uis h di ff er e nt s h a p es of pi g e o n a n d p arr ot, p ossi bl y
i n cl u di n g s u btl e l o c al di ff er e n c es s u c h as t h e s h a p e of t h eir b e a ks.

T his p a p er pr es e nts a s e q u e nti al d u al r e c urr e nt n e ur al n et w or ks
( S D- R N N) ar c hit e ct ur e f or s k et c h r e c o g niti o n t h at c o m bi n es b ot h
s h a p e a n d t e xt ur e of s k et c h es as s h o w n i n Fi g. 2. Fi v e i m a g es ar e
c o nstr u ct e d b y acc u m ul ati v e str o k es a c c or di n g t o t h e str o k e or d er.
S u bs e q u e ntl y, c o d e d s h a p e c o nt e xt [ 3 7 ] a n d t e xt ur e fr o m S k et c h-
A- N et ( S A N) [ 4 0 ] ar e f e d i nt o t w o c as c a d e d g at e d r e c urr e nt u nits
( G R Us). T h e o ut p uts of t h es e t w o G R Us st a g es pr o d u c e t h e fi n al
cl assi fi c ati o n. O ur c o ntri b uti o ns ar e s u m m ari z e d as f oll o ws:

• T o t h e b est of o ur k n o wl e d g e, e x pli cit s h a p e f e at ur es ar e
i ntr o d u c e d i nt o s k et c h r e c o g niti o n f or t h e first ti m e i n a
d e e p l e ar ni n g fr a m e w or k.

• D u al r e c urr e nt n e ur al n et w or ks ar e c as c a d e d i nt o t w o st a g es
t o c o m bi n e b ot h s h a p e a n d t e xt ur e f e at ur es, a n d t o l e ar n t h e
b al a n c e of t h eir c o ntri b uti o ns.

• B y q u a nti zi n g t h e str o k es i nt o fi v e st a g es, w e e x pl or e t h e
s e q u e nti al n at ur e of str o k es w hil e r e d u ci n g i ntr a- cl ass v ari a-
ti o ns of i n p ut f e at ur es.

• We d e v el o p a n o n-li n e s k et c h r etri e v al a n d i mit ati o n a p pli c a-
ti o n t o t e a c h ot h ers t o dr a w b as e d o n t h e pr o p os e d m et h o d.

E x p eri m e nts o n t h e T U- B erli n b e n c h m ar k, t h e l ar g est h a n d-fr e e
s k et c h d at as et, s h o w t h at o ur m et h o d a c hi e v es o v er 9 0 % r e c o g niti o n
r at e, a n d o ut p erf or ms b ot h h u m a n a n d st at e- of-t h e- art al g orit h ms
b y o v er 1 9 a n d 7 p er c e nt a g e p oi nts, r es p e cti v el y.

2 R E L A T E D W O R K

S k et c h r e c o g niti o n h as attr a ct e d m u c h att e nti o n i n r e c e nt y e ars, s ci-
e n c e a l ar g e cr o w d-s o ur c e d d at as et w as p u blis h e d [ 9 ]. T h e d at as et
c o nt ai ns 2 0, 0 0 0 s k et c h es fr o m d ail y o bj e cts distri b ut e d o v er 2 5 0
o bj e ct c at e g ori es. T h e f a ct t h at h u m a n c a n o nl y c orr e ctl y i d e ntif y
t h e s k et c h es wit h 7 3 % a c c ur a c y s h o ws t h at s k et c h r e c o g niti o n is a
c h all e n gi n g t as k e v e n f or h u m a ns.

M ost e xisti n g w or ks o n s k et c h i nt er pr et ati o n t y pi c all y a n al y z e
a n i n p ut s k et c h as a tr a diti o n al t e xt ur e i m a g e, wit h o ut att e m pti n g t o
u n d erst a n d its s h a p e n at ur e. H a n d- cr aft e d f e at ur es b orr o w e d fr o m
t e xt ur e i m a g es ar e first e m pl o y e d as r e pr es e nt ati o n. Eit z et at. us e
SI F T al o n g wit h a s p e ci al tr e at m e nt t o s m o ot h gr a di e nts a n d s p ars e
i nt e nsiti es i n s k et c h es [9 ]. Si mil arl y, [2 9 ] a p pli es Fis h er v e ct ors a n d
s p ati al p yr a mi d p o oli n g t o SI F T. Li et al. e m pl o y m ulti pl e- k er n el
l e ar ni n g ( M K L) t o fi n d a p pr o pri at e w ei g hts of v ari o us t e xt ur al
f e at ur es f or s k et c h es [2 1 ]. Z h a n g et al. tr a nsf er t h e k n o wl e d g e of
a n et w or k l e ar n e d fr o m n at ur al i m a g es t o a s k et c h n et w or k [ 4 1 ].
H o w e v er, t h es e f e at ur es hi g hl y d e p e n d o n gr a di e nts i nf or m ati o n,
w hi c h r ar el y e xists i n s k et c h es.

R e c e ntl y, l e ar ni n g b as e d f e at ur es ar e e x pl or e d f or s k et c h r e c o g-
niti o n d u e t o t h e gr e at s u c c ess of d e e p l e ar ni n g i n vis u al r e c o g ni-
ti o n [1 7 ]. W a n g et al. us e a v ari a nt of Si a m es e n et w or k f or s k et c h-
t o- 3 D-s h a p e r etri e v al [3 3 ]. I n [2 8 ], s k et c h f e at ur es ar e o bt ai n e d b y
Al e x N et. Z h a n g et al. d esi g n a h y bri d n et w or k c o m bi n e d m ultif or m
f e at ur es [4 2 ]. C o usi n N et [4 1 ]l e v er a g es n at ur al i m a g es t o g ui d e t h e
t ar g et n et w or k t o e xtr a ct p o w erf ul f e at ur es f or r e c o g niti o n. H o w-
e v er, t h es e s k et c h f e at ur es ar e pr o d u c e d b y d e e p n et w or ks d esi g n e d
f or t e xt ur e i m a g es, a n d littl e att e nti o n h as b e e n p ai d o n t h e s p e ci al
n at ur e of s k et c h es, w hi c h m ostl y e n c o d e c ur v es a n d li n es. O n e
e x c e pti o n is t h e S k et c h- A- N et ( S A N) w or k [ 3 9 , 4 0 ]. Y u et al. t a k e
t h e s p ars e n at ur e of s k et c h es i nt o a c c o u nt, a n d d esi g n a d e e p l e ar n-
i n g n et w or k t h at e nl ar g es t h e p o oli n g si z es a n d p at c h es of filt ers.
S k et c h- A- N et s ur p ass es t h e b est r es ult of h u m a ns f or t h e first ti m e.
S k et c h P oi nt N et s h ar es si mil ar i d e a a n d l e v er a g es s p ars e s a m pli n g
p oi nts o n s k et c h [ 3 6 ]. H o w e v er, t h e s h a p e n at ur e of s k et c h es is still
i g n or e d.

S h a p e r e pr es e nt ati o n h as b e e n st u di e d i n c o m p ut er visi o n f or
a l o n g ti m e. S h a p e c o nt e xt [ 1 ] a n d its v ari a nts [2 6 , 3 4 ] ar e a m o n g
t h e m ost p o p ul ar s h a p e d es cri pt ors. R es e ar c h ers als o d e v el o p d e-
s cri pt ors t o a c c o m m o d at e a wi d e r a n g e of g e o m etri c tr a nsf or m a-
ti o ns [1 5 ]. M oti v at e d b y t h e mi d dl e l e v el " b a g- of-f e at ur es", W a n g et
al. d e v el o p a b a g of c o nt o ur fr a g m e nts ( B C F) a p pr o a c h t h at a c hi e v es
t h e st at e- of-t h e- art f or si m pl e s h a p e c o nt o ur cl assi fi c ati o n [3 7 ].
Di ff er e nt fr o m s h a p es of n at ur al o bj e cts [ 1 9 ], s k et c h es h a v e hi g h
fl e xi bilit y a n d s e q u e nti al i nf or m ati o n o n str o k es. O n e c a n h ar dl y
o bt ai n s atisf a ct or y r es ults b y dir e ctl y a p pl yi n g s h a p e d es cri pt ors
t o s k et c h r e c o g niti o n. I n t his p a p er, w e l e v er a g e a mi d-l e v el s h a p e
f e at ur e f or s k et c h es t o r e d u c e t h e v ari ati o n of i ntr a- cl ass es. M e a n-
w hil e w e als o c o m bi n e b ot h s h a p e a n d t e xt ur e f e at ur es t o a c hi e v e
t h e st at e- of-t h e- art r e c o g niti o n p erf or m a n c e.

M or e s p e ci fi c all y, a s k et c h is a n or d er e d list of str o k es. I n S k et c h-
A- N et [ 3 9 ], t h e s e q u e nti al n at ur e of s k et c h es is e x pl or e d t o pr o d u c e
a bstr a ct s k et c h es f or d at a a u g m e nt ati o n. H o w e v er, S k et c h- A- N et
d o es n ot b uil d c o n n e cti o ns b et w e e n s e q u e nti al str o k es. D V S F [ 1 2 ]
i m pr o v es S k et c h- A- N et b y c o m bi ni n g s e q u e nti al f e at ur e a n d i nt e-
gr at e d f e at ur es. H o w e v er, s h a p e f e at ur es ar e still i g n or e d.

F or ti m e s eri es li k e s p e e c h a n d n at ur al l a n g u a g e, m a n y w or ks
r es ort t o m e m or a bl e n et w or k ar c hit e ct ur es. A r e c urr e nt n e ur al
n et w or k ( R N N) [ 3 0 , 3 1 ] is d esi g n e d f or pr o c essi n g i n p ut s e q u e n c e,
w hi c h c a n bri d g e t h e hi d d e n u nits a n d d eli v er t h e o ut p uts fr o m
f or m er s e q u e n c e t o t h e l att er o n es. H o w e v er, it h as a si g ni fi c a nt
li mit ati o n c all e d ’ v a nis hi n g gr a di e nt’. I n or d er t o o v er c o m e t h e
li mit ati o n of R N N, a l o n g s h ort t er m m e m or y ( L S T M) [1 1 ] n et w or k,
a n d r e c e ntl y g at e d r e c urr e nt u nit ( G R U) [ 3 ] h a v e b e e n pr o p os e d.
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Fi g u r e 2: O v e r vi e w o f S D- R N N. T e xt u r al f e at u r e s of S k et c h- A- N et ( 𝑥 1
𝑡 𝑒 𝑥 𝑡 𝑢 𝑟 𝑒 , . . ., 𝑥5𝑡 𝑒 𝑥 𝑡 𝑢 𝑟 𝑒 ) a n d c o d e d s h a p e f e at u r e s

(𝑥 1
𝑠 ℎ 𝑎 𝑝 𝑒

, . . ., 𝑥5
𝑠 ℎ 𝑎 𝑝 𝑒

) (l a b el e d i n bl u e a n d y ell o w, r e s p e cti v el y) e xt r a ct e d f r o m e a c h a c c u m ul ati v e st r o k e i m a g e a r e t a k e n a s t h e

i n p ut s o f G R U s . T h e c o r r e s p o n di n g p r e di cti o n s e q u e n c e 𝑦 1
𝑠 ℎ 𝑎 𝑝 𝑒

, . . ., 𝑦5
𝑠 ℎ 𝑎 𝑝 𝑒

a n d 𝑦 1
𝑡 𝑒 𝑥 𝑡 𝑢 𝑟 𝑒 , . . ., 𝑦5𝑡 𝑒 𝑥 𝑡 𝑢 𝑟 𝑒 a r e c o m bi n e d a n d f e d i nt o

t h e s e c o n d st a g e G R U s. All t h e o ut p ut s of 𝑧 1
𝑠 ℎ 𝑎 𝑝 𝑒 & 𝑡 𝑒 𝑥 𝑡 𝑢 𝑟 𝑒

, . . ., 𝑧5
𝑠 ℎ 𝑎 𝑝 𝑒 & 𝑡 𝑒 𝑥 𝑡 𝑢 𝑟 𝑒

g e n e r at e t h e fi n al cl a s si fi c ati o n r e s ult.

G R U o ut p erf or ms L S T M i n m a n y c as es b y l e ar ni n g s m all er n u m b er
of p ar a m et ers [ 4 ]. S ar v a d e v a b h atl a et al. [2 8 ] t a k e t h e or d er of
str o k es as a s e q u e n c e a n d f e e d t h eir f e at ur es str o k e b y str o k e t o
G R U. T h e y a c hi e v e t h e b est p u blis h e d r e c o g niti o n p erf or m a n c e.
H o w e v er, di ff er e nt f or m h a n d writt e n c h ar a ct ers wit h r el ati v el y
fi x e d str u ct ur al or d eri n g, s k et c h es e x hi bit a m u c h hi g h er d e gr e e
of i ntr a- cl ass v ari ati o n i n str o k e or d er. T h es e v ari ati o ns d e fi nit el y
bri n g u nst a bl e f e at ur es. I n c o ntr ast, o ur w or k ai ms t o l e ar n a st a bl e
s e q u e nti al f e at ur es c a pt uri n g b ot h s h a p e a n d t e xt ur e i nf or m ati o n
f or s k et c h r e c o g niti o n.

3 E X P L O RI N G S T R O K E O R D E R S

T h e str o k e or d er of t h e s a m e s k et c h v ari es m or e s e v er el y t h a n h a n d
writt e n di gits a n d c h ar a ct ers. E v er y p ers o n m a y h a v e his/ h er o w n
or d er of str o k es w h e n dr a wi n g t h e s a m e o bj e ct [ 9 ]. T h er e ar e t w o
p airs of s k et c h es di vi d e d b y t h e h ori z o nt al d as h li n e, i. e., c o ws a n d
el e p h a nts, as s h o w n i n Fi g. 3. E a c h p air b el o n g t o t h e s a m e cl ass b ut
dr a w n b y di ff er e nt i n di vi d u als. T h e t w o v erti c al d as h li n es s e p ar at e
t h e fi g ur e i nt o t hr e e c ol u m ns, t h e l eft t w o of w hi c h d e m o nstr at e t h e
first t e n str o k es a n d t h e t h e c o m pl et e s k et c h es, r es p e cti v el y. T h e
first str o k e of t h e ‘ c o w’ i n o n e s k et c h of Fi g. 3 li es i n its b a c k w hil e
t h e ot h er i n its b ell y. T h e str o k e or d ers e vi d e ntl y v ar y i n t h e s a m e
cl ass. T h es e v ari ati o ns d e fi nit el y bri n g u nst a bl e f e at ur es ( will b e
dis c uss e d i n e x p eri m e nts). I n e vit a bl y, t h es e u nst a bl e i n p uts a ff e ct
t h e c o n v er g e n c e a n d f urt h er cl assi fi c ati o n a c c ur a c y.

T h er ef or e, w e us e acc u m ul ati v e str o k es i nst e a d of si n gl e o n e i n
or d er t o r e d u c e i n p ut v ari ati o ns f or t h e s a m e cl ass. T his tr e at m e nt
is m oti v at e d b y h u m a ns’ dr a wi n g h a bit. M ost p e o pl e pr ef er t o
dr a w fr o m t h e o utli n e t o d et ails, w hi c h c a n b e v ali d at e d i n t h e l ast
c ol u m n of Fi g. 3. T h e ri g ht c ol u m n s h o ws t h e a c c u m ul ati v e str o k e
i m a g es d eri v e d fr o m str o k e or d ers: t h e first i m a g e s h o ws t h e first
2 0 % str o k es, a n d t h e s e c o n d o n e gi v es t h e first 4 0 % i n t h e str o k e

s e q u e n c e, a n d s o o n. T h e i m a g e v ari ati o ns i n t h e s a m e a c c u m ul ati v e
gr o u p ( c orr es p o n di n g t o o n e st e p i n o ur S D- R N N) cl e arl y d e cr e as e.

We t a k e st atisti cs o n t h e n u m b er of t h e str o k es, a n d fi n d t h at
5 4. 7 % s k et c h es h a v e t h e n u m b er of str o k es b et w e e n 6 a n d 2 0, w hil e
1 6 % e q u al or l ess t h a n 5. T h us, w e t a k e fi v e gr o u ps wit h a b o ut
f o ur str o k es i n e a c h gr o u p. If t h e n u m b er of gr o u ps w as t o o s m all,
t h er e w o ul d e xist str o k es wit h b ot h o ut er c o nt o ur a n d d et ails, w hil e
l ar g er n u m b er of gr o u ps m a y r es ult i n o nl y o n e str o k e f or e a c h
gr o u p, d e gr a di n g t o str o k e- b y-str o k e str at e g y. S u p p osi n g t h at t h er e
ar e 𝑁 str o k es f or a s k et c h 𝑆 , (𝑠 1 , 𝑠2 , . . ., 𝑠𝑁 − 1 , 𝑠𝑁 ), w e c a n c o nstr u ct
a n s e q u e n c e wit h fi v e i m a g es. T h e first o n e c o nt ai ns t h e str o k es
fr o m 𝑠 1 t o 𝑠 𝑁 / 5 , t h e s e c o n d o n e fr o m 𝑠 1 t o 𝑠 2 𝑁 / 5 , a n d t h e l ast o n e
s h o ws t h e c o m pl et e s k et c h.

Si mil ar t o [ 1 8 ], w e als o e x p a n d e a c h a c c u m ul ati v e i m a g e t o t e n
b y cr o p pi n g a n d r e fl e cti o n. T h es e t e n a c c u m ul ati v e str o k e i m a g es
ar e t a k e n as t h e i n p ut at o n e st e p of G R U. Fi g ur e 4 s h o ws a n i n p ut
s e q u e n c e of o n e a c c u m ul ati v e str o k e gr o u p. Fr o m t h e ri g ht t o l eft,
t h e i n p uts ar e t h e cr o ps of ori gi n al i m a g es w h e n ti m e st e p 𝑡 is o d d,
a n d t h e i n p uts ar e t h e cr o ps of ori g ni al r e fl e cti o ns f or e v e n 𝑡 s. T h e
cr o p or d er f or e a c h ori gi n al i m a g e is t h e t o p l eft, b ott o m l eft, t o p
ri g ht, b ott o m ri g ht, a n d fi n all y c e nt er. As w e h a v e fi v e a c c u m ul ati v e
str o k e i m a g es f or e a c h s k et c h a n d t e n cr o ps f or e a c h i m a g e, w e
fi n all y h a v e 5 0 i n p ut i m a g es i n t ot al. T h eir c orr es p o n di n g f e at ur es
ar e f e d i nt o o ur d e e p n et w or k d es cri b e d i n t h e n e xt s e cti o n.

4 I N T E G R A TI N G S H A P E A N D T E X T U R E
WI T H R E C U R R E N T N E U R A L N E T W O R K S

I n t his s e cti o n, w e first i ntr o d u c e t h e s h a p e a n d t e xt ur e f e at ur es f or
s k et c h es. T h e n w e pr es e nt a s p e ci all y d esi g n e d n et w or k t o c o m bi n e
a n d b al a n c e t h es e f e at ur es.



  

  

  

  

Fi g u r e 3: C o m p a ri s o n s o f si n gl e st r o k e (l e ft) a n d a c c u m ul ati v e st r o k e i m a g e s ( ri g ht).
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h t
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Fi g u r e 4: A n i n p ut i m a g e s e q u e n c e f o r o n e a c c u m ul ati v e s k et c h i m a g e.

iu ju

Fi g u r e 5: S h a p e c o nt e xt f e at u r e s a r e c oll e ct e d at fi v e s a m pl e p oi nt s
o n a st r o k e b et w e e n p oi nt s 𝑥 𝑡 a n d 𝑒 𝑥 .

4. 1 S h a p e f e at u r e s of st r o k e s

S k et c h es ar e c o m p os e d of str o k es, w hi c h c o nt ai n b ot h l o c al a n d
gl o b al s h a p e i nf or m ati o n. T h us, w e a d o pt str o k es as b asi c s h a p e
el e m e nt f or l e ar ni n g a s h a p e c o d e b o o k a n d b uil di n g o ur s h a p e
r e pr es e nt ati o n.

F or e a c h str o k e, w e d es cri b e it usi n g s h a p e c o nt e xt [ 1 ]. We s a m pl e
5 r ef er e n c e p oi nts o n t h e str o k e e q ui dist a ntl y, a n d t h e n c o m p ut e 5
s h a p e c o nt e xt hist o gr a ms b as e d o n t h e r ef er e n c e p oi nts i n di vi d u all y.
S h a p e c o nt e xt d es cri pt or f or e a c h str o k e is a c o n c at e n ati o n of t h e 5
s h a p e c o nt e xt hist o gr a ms, e. g., s e e Fi g. 5.

E a c h str o k e of a s k et c h c a n b e dr a w n i n di ff er e nt st yl es, r e n d er-
i n g its hi g h fl e xi bilit y. I n or d er t o h a n dl e t h es e i ntr a- cl ass v ari a-
ti o ns, w e l e v er a g e a c o di n g m et h o d [3 7 ] t o g e n er at e cl os e f e at ur es
fr o m si mil ar str o k es. We first a p pl y t h e 𝑡 - m e a ns al g orit h m [8 ] o n
s h a p e c o nt e xt d es cri pt ors of r a n d o ml y s el e ct e d str o k es. T h e cl ust er
c e nt ers ar e r e g ar d e d as t h e c o d e b o o k. T h er e aft er, w e c a n us e 𝑢
pr ot ot y p es t o d es cri b e t h e w h ol e str o k e s p a c e as s h o w n i n Fi g. 6
w h er e t h e c ol orf ul d ots st a n d f or t h e cl ust er c e nt ers. I n o ur e x p eri-
m e nts, 𝑟 is s et t o 5 0 0 as i n [3 7 ]. We us e a f ast a n d e ff e cti v e s c h e m e,
l o c al- c o nstr ai nt li n e ar c o di n g ( L L C) [3 5 ], t o g e n er at e t h e fi n al c o d e d
r e pr es e nt ati o n of str o k es. As s h o w n i n Fi g. 6, si mil ar str o k es m a y
h a v e t h e s a m e 𝑒 n e ar est n ei g h b ors s o t h at w e t a k e t h e 𝑥 (𝑡 = 5 i n
o ur p a p er) n e ar est n ei g h b ors t o e n c o d e e a c h s h a p e f e at ur e. Fi n all y,
w e r u n m a x- p o oli n g [ 1 4 ] o n all str o k e f e at ur es of e a c h s k et c h t o
o bt ai n m or e dis cri mi n ati v e f e at ur es wit h 5 0 0 di m e nsi o ns.

4. 2 T e xt u r e f e at u r e s f o r s k et c h e s

We l e v er a g e S k et c h- A- N et [ 4 0 ] t o e xtr a ct t e xt ur e f e at ur es of t h e
s k et c h es. S k et c h- A- N et is a v ari a nt of a C N N t ail or e d t o s k et c h
r e c o g niti o n, c o nsisti n g of ei g ht l a y ers. T h e first fi v e l a y ers ar e
c o n v ol uti o n al l a y ers, a n d t h e l ast t hr e e ar e f ull y c o n n e ct e d. E a c h
c o n v ol uti o n al l a y er is c o nstr u ct e d u p o n r e cti fi er ( R e L U) u nits, w hil e
t h e first, s e c o n d a n d fift h l a y ers ar e f oll o w e d b y m a x p o oli n g. F or
e a c h i n p ut i m a g e, S k et c h- A- N et pr o d u c es a 5 1 2 di m e nsi o n al f e at ur e
v e ct or fr o m t h e l ast f ull y- c o n n e ct e d l a y er.

I n [4 0 ], fi v e v ersi o ns of t h e s a m e d e e p n et w or k ar e r u n, e a c h f or a
di ff er e nt r es ol uti o n of t h e i n p ut i m a g e, a n d t h e fi n al cl assi fi c ati o n is
o bt ai n e d b y a j oi nt B a y esi a n cl assi fi er [ 2 ] a p pli e d t o t h e fi v e o ut p uts.
I n t his p a p er, w e e m pl o y o nl y t h e n et w or k fr o m [4 0 ] tr ai n e d f or
s k et c h es of si z e 2 5 6 × 2 5 6 pi x els, a n d t a k e t h e 5 1 2- di m e nsi o n al
v e ct or of t h e l ast f ull y- c o n n e ct e d l a y er as t h e t e xt ur e f e at ur es of
s k et c h es wit h o ut a n y r etr ai ni n g.

4. 3 I nt e g r ati n g s h a p e a n d t e xt u r e f e at u r e s wit h
r e c u r r e nt n e u r al n et w o r k s

S h a p e f e at ur es d es cri b e t h e g e o m etri c str u ct ur e of s k et c h es al o n g
str o k es, w hi c h c a n b e vi e w e d as 1 D c ur v es. I n c o ntr ast, t e xt ur e f e a-
t ur es d es cri b e 2 D p at c h es o n s urf a c e of s k et c h es, w hi c h ar e tr e at e d
as gr a y s c al e i m a g es. I n or d er t o c o m bi n e a n d b al a n c e s h a p e a n d
t e xt ur e f e at ur es w hil e e x pl ori n g t h e s e q u e nti al n at ur e of str o k es,
w e d e vis e a s e q u e nti al d u al r e c urr e nt n e ur al n et w or k ( S D- R N N)
ar c hit e ct ur e.

4. 3. 1 S e q u e nti al d u al r e c urr e nt n e ur al n et w or k ( S D- R N N) . We t a k e
G R Us as b asi c bl o c ks t o c o m bi n e b ot h s h a p e a n d t e xt ur e f e at ur es
a n d e x pl oit t h e s e q u e nti al n at ur e of s k et c h es, si n c e G R Us h a v e a
s m all er n u m b er of p ar a m et ers a n d p erf or m b ett er t h a n L S T M i n
s k et c h r e c o g niti o n [ 2 8].

T h e o v er vi e w of o ur S D- R N N is s h o w n i n Fi g. 2. As s h o w n i n t h e
r e d fr a m e, t h er e ar e t w o G R Us i n t h e first st a g e, w hi c h r e c ei v e t h e
t w o t y p es of f e at ur es as i n p uts, r es p e cti v el y. T h e n a t hir d G R U i n t h e
s e c o n d st a g e c o m bi n es t h e o ut p uts of t h e first st a g e, i. e., m e m ori z e d
s h a p e a n d t e xt ur e f e at ur es. T h e first u nit i nsi d e t h e t hir d G R U is a



Figure 6: Encoded features of similar shapes. The colorful
circle points stand for the cluster centers, and several of
these clusters represent a stroke.

linear function that reduces the dimensionality of the concatenation
of the two vectors of shape and texture features. The output of the
third GRU is densely connected to a final softmax layer, acting as
the classifier. Each of the three GRUs of this two-stage network
contains 128 hidden units.

The obtained SD-RNN is run five times on different accumulative
stroke groups, which is illustrated in Fig. 2 with five copies of the
same network linked by vertical arrows to illustrate the temporal
dependencies of the input sequence. This architecture is able to
learn the weights of the two types of features, and thus balance
their influence to produce the desired performance. As a result, our
SD-RNN embraces learnable textural features, memorized shape
features, and learnable fusion of these two. We present more details
now.

Taking the shape feature as an example, the GRU shape network
in the first stage learns a mapping from the input to the
output for 1 5, which is given by

1 (1)

1 (2)

tanh 1 (3)

1 1 (4)
(5)

where is an element-wise logistic Sigmoid function. is the
hidden state and it is regulated by the gating unit , and .
The operator denotes the element-wise vector product. The s,
s and are trainable parameters. Similarly, we can get the -th
output for texture as . More details about GRUs can be
found in [5].

4.3.2 Features fusion and balance. Both shape and texture features
are fed into the respective GRUs of the first-stage, outputting two
128 dimensional vectors, and . For the third GRU
in the second stage, the -th input is , and
the output is & .

We add a linear function at the
beginning of the second-stage GRU (just before Eq. 1) so that our

SD-RNN has the ability to automatically learn the weights of two
features for recognition. The weights of the linear function are
256 128 as both and have 128 dimensions. These
parameters in and are fine-tuned in the learning process,
resulting in the increased performance of our network.

For each of the five SD-RNNs in Fig. 2, we obtain a -dimensional
vector of class probabilities & with being the number
of classes ( 250 in our experiments) and 1 5. We sum
the prediction vectors of all 5 steps, and choose the class ID with
the max value of the summation as the final output.

5 EXPERIMENTAL RESULTS AND ANALYSIS
In this section, we first describe the dataset and experiment settings.
Subsequently, we validate the effectiveness of the shape feature and
stroke orders. Finally, our method is compared with the state-of-the-
art and humans with the same protocol in order to demonstrate the
overall performance of SD-RNN. The results show that our method
does not only produce the accuracy over 90% for the first time, but
also beats the state-of-the-art over 14 percentage points.

5.1 Experiment settings
We evaluate SD-RNNon the TU-Berlin sketch dataset [9], the largest
and most commonly used sketch dataset currently available. It con-
sists of 20 000 sketches of 250 categories, 80 sketches per category.
The dataset was collected on Amazon Mechanical Turk (AMT)
from 1350 participants. Thus the dataset guarantees the diversity
of object categories and sketch styles within every category. As is
commonly the case, we use 67% of the data for training, and 33%
for testing.

As the performance measure we use the standard classification
accuracy, which is defined as the ratio of the number of correctly
classified sketches to the total number of sketches in the test dataset.

Data augmentation is employed to reduce the risk of overfitting.
In order to increase the number of sketches per category, we apply
several transformations on each sketch, including horizontal reflec-
tion and rotation ([-5,-3,0,+3,+5] degrees), followed by systematic
combinations of horizontal and vertical shifts ( 15 pixels). The data
augmentation procedure results in 18 10 8 18 80 1 440
sketches per category, a total number of 1440 250 360 000
sketches evenly distributed over 250 categories.

For shape features, we apply shape context on 5 points with equal
interval of each stroke. The number of bins of shape context is set
to be 60. Thus, the dimension of the shape context descriptor for
each stroke is 300 with the size of the codebook 500. We implement
SD-RNN on Torch [6], and set the initial learning rate to 0 002 with
weights decay 0.99. The batch size is set to 100.

5.2 Contributions of shape features
Table 1 lists the classification accuracy of SD-RNN obtained by
only shape features, only texture features, and both in order to
validate the effects of different features in our method. We can see
that the accuracies with only shape and texture features can only
reach 30.32% and 77.03% respectively, in contrast to 92.65% when we
combine both in our architecture. Shape features may not be able to
gain good performance by itself, but they play an important role in
sketch recognition, improving the accuracy of SD-RNN with only



T a bl e 1: E v al u ati o n o n t h e C o nt ri b uti o n s of S h a p e F e at u r e s

O ur S D- R N N M et h o d  R e c o g niti o n A c c ur a c y ( %)

S h a p e F e at ur e O nl y 3 0. 3 2
Te xt ur e F e at ur e O nl y 7 7. 0 3
O ur S D- R N N M et h o d 9 2. 6 5

i n p ut s e q u e n c e

r es ult wit h o ut 
s h a p e f eat ur e

r es ult wit h
 s h a p e f eat ur e

fir e h y dr a nt

a nt

fir e h y dr a nt

wi n d mill

fir e h y dr a nt

wi n d mill

fir e h y dr a nt fir e h y dr a nt

wi n d mill s k ys cra p er

c astl e fir e h y dr a nt fir e h y dr a nt fir e h y dr a nt fir e h y dr a nt

Fi g u r e 7: Cl a s si fi c ati o n r e s ult s wit h o ut a n d wit h s h a p e f e a-
t u r e s at di ff e r e nt ti m e st e p s. T h e fi r st r o w s h o w s i n p ut i m-
a g e s e q u e n c e, t h e s e c o n d a n d t hi r d r o w e x hi bit t h e r e s ult s
wit h o ut a n d wit h s h a p e f e at u r e s.

t e xt ur e f e at ur es o v er 1 5 p er c e nt a g e p oi nts. Si m pl y c o n c at e n ati n g
s h a p e a n d t e xt ur e f e at ur es wit h fi x e d w ei g hts c a n n ot o ut p ut d esir e d
p erf or m a n c e as o urs b e c a us e S D- R N N is c a p a bl e of l e ar ni n g t h eir
c o ntri b uti o ns a d a pti v e t o o bj e ct c at e g ori es.

I n or d er t o gi v e a n i nt uiti v e d e m o nstr ati o n of t h e e ff e cts of s h a p e
f e at ur es, w e pr es e nt s o m e f als e r e c o g niti o n e x a m pl es wit h o ut s h a p e
f e at ur es b ut s u c c essf ull y r e c o g ni z e d wit h s h a p e f e at ur es i n Fi g. 1.
T h e first r o w lists fi v e q u er y s k et c h es i n cl u di n g l o bst er, fir e h y dr a nt,
ti g er, s pi d er, a n d pi g e o n. T h e s e c o n d r o w s h o ws t h at S D- R N N wit h-
o ut s h a p e f e at ur es pr o d u c es wr o n g cl assi fi c ati o n r es ults f or all t h es e
q u eri es. It c a n b e e x pl ai n e d as t e xt ur e f e at ur es c a n r e pr es e nt d et ail
f e at ur es of t h e s k et c h, s u c h as t h e stri p es o n ti g er a n d c h ur c h, a n d
t h e h ori z o nt al a n d v erti c al li n es f or b ot h fir e h y dr a nt a n d s k ys cr a p er.
H o w e v er, t h e s h a p e of t h es e wr o n g m at c h e d p airs ar e t ot all y di ff er-
e nt. Wit h t h e h el p of s h a p e f e at ur es, all t h es e q u er y s k et c h es c a n
b e r e c o g ni z e d s u c essf ull y. O ur m et h o d c a n e v e n disti n g uis h pi g e o n
a n d p arr ot wit h s u btl e l o c al di ff er e n c es o n t h e b e a k.

F urt h er, w e ill ustr at e t h e cl assi fi c ati o n r es ults f or e a c h ti m e st e p
s h o w n i n Fi g. 7. T h e first r o w s h o ws t h e q u er y s k et c h es r e pr es e nt e d
b y fi v e a c c u m ul ati v e str o k e i m a g es, t h e s e c o n d a n d t hir d r o ws
pr o vi d es t h e r es ults wit h o ut a n d wit h s h a p e f e at ur es at e a c h ti m e
st e p, r es p e cti v el y. T h e r es ults of e a c h o ut p ut i n t h e s e c o n d c ol u m n
ar e all i n c orr e ct, w hil e t h e t hir d o n e pr o d u c es c orr e ct r es ults fr o m
t h e s e c o n d o ut p ut of t h e s e q u e n c e. T h es e r es ults d e m o nstr at e t h at
s h a p e f e at ur es c a n als o dis cri mi n at e g e o m etri c all y si mil ar str o k es.

5. 3 C o nt ri b uti o n s o f S D- R N N a r c hit e ct u r e

I n or d er t o v ali d at e t h e e ff e ct of S D- R N N ar c hit e ct ur e, w e c o m p ar e
t h e r es ult of t h e pr o p os e d m et h o d wit h S k et c h- A- N et ar c hit e ct ur e
c o u pl e d b ot h s h a p e a n d t e xt ur e f e at ur es. We ar e a bl e t o b o ost t h e
7 4. 9 % cl assi fi c ati o n a c c ur a c y of S k et c h- A- N et t o 8 4 % b y c o n c at e n at-
i n g s h a p e c o nt e xt f e at ur es wit h S k et c h- A- N et d e e p f e at ur es wit h

T a bl e 2: E v al u ati o n o n Di ff e r e nt F u si o n St r at e gi e s

M et h o d R e c o g niti o n A c c ur a c y ( %)

dir e ct c o n c at e n ati o n 8 8. 3 3
m a x p o oli n g 9 0. 4 6

o ur m et h o d wit h li n e ar f u n cti o n 9 2. 6 5

T a bl e 3: S k et c h R e c o g niti o n o n T U- B e rli n D at a s et

M et h o d  R e c o g niti o n A c c ur a c y( %)

H O G- S V M [ 9] 5 6. 0
E ns e m bl e [ 2 2] 6 1. 5
M K L- S V M [ 2 1] 6 5. 8

F V- S P [ 2 9] 6 8. 9
H u m a ns 7 3. 1

Al e x N et- S V M [ 1 7] 6 7. 1
Al e x N et- S k et c h [ 1 7] 6 8. 6

L e N et [ 2 0] 5 5. 2
S k et c h- A- N et 1. 0 [ 4 0] 7 4. 9
S k et c h- A- N et 2. 0 [ 3 9] 7 8. 0

H y bri d- C o n v [ 4 2] 8 5. 1
S k et c h P oi nt N et [ 3 6] 7 4. 2

D V S F [ 1 2] 7 9. 6
C o usi n N et [ 4 1] 8 0. 1

O ur S D- R N N m et h o d 9 2. 6 5

a li n e ar S V M. H o w e v er, t h er e is still a n ot a bl e g a p b et w e e n t h e
r es ult ( 9 2. 6 5 %) of o ur S D- R N N a n d t his n ai v e str at e g y. T h us, t h e
pr o p os e d S D- R N N ar c hit e ct ur e c a n n ot o nl y i nt e gr at e s h a p e a n d
t e xt ur e f e at ur es, b ut als o m e m ori z e a n d p ass t h e f e at ur es i n e a c h
st e p t o o bt ai n t h e fi n al p erf or m a n c e.

5. 4 C o m p a ri s o n s of di ff e r e nt st r o k e o r d e r
st r at e gi e s

I n or d er t o v ali d at e t h e r o b ust n ess of o ur a c c u m ul ati v e str o k e str at-
e g y, w e c o m p ar e t h e f e at ur es pr o d u c e d b y t h e a c c u m ul ati v e str o k e
i m a g es wit h t h at of t h e li n e ar or d er of all i n di vi d u al str o k es i n [2 8 ].
Si n c e, t y pi c all y, t h e first str o k e e x hi bits si g ni fi c a nt v ari ati o ns p er-
s o n b y p ers o n, w e p e er i nt o t h e i n p ut s h a p e a n d t e xt ur e f e at ur es
of t h e first str o k e, a n d c o m p ar e t h e f e at ur e v ari a n c es of t h e first
str o k e a n d o ur first a c c u m ul ati v e str o k e gr o u p.

F or f air c o m p aris o n, e a c h f e at ur e v e ct or is n or m ali z e d b y E q. ( 6),
w h er e 𝑥 𝑡 a n d ˜𝑒 𝑥 (𝑡 = 1 , 2 , . . ., 𝑢) ar e t h e el e m e nts of 𝑟 𝑒 ℎ 𝑥 𝑡 𝑒 or
𝑥 𝑡 𝑢 𝑟 𝑒 𝑥 𝑠 𝑎 b ef or e a n d aft er n or m ali z ati o n, r es p e cti v el y, a n d 𝑝 is t h e
di m e nsi o n of t h e v e ct or.

˜𝑒 𝑥 =
𝑠 𝑎

(𝑝 1 ) 2 + ( 𝑒 2 ) 2 + . . . + ( 𝑦 𝑠 ) 2
( 6)

Fi gs. 8( a) a n d ( b) s h o w t h e v ari a n c es of s h a p e a n d t e xt ur e f e at ur es,
r es p e cti v el y. T h e x- a xis s h o ws t h e l a b el of t h e 2 5 0 c at e g ori es, a n d y-
a xis is t h e v al u e of t h e v ari a n c es. T h e v ari a n c es of o urs a n d t h e first
str o k e str at e g y i n e a c h c at e g or y ar e l a b el e d i n bl u e pl us si g n a n d
r e d st ar, r es p e cti v el y. T h e s h a p e f e at ur e v ari a n c es of o ur str at e g y
ar e s m all er f or 2 4 2 o ut of 2 5 0 c at e g ori es, w hil e o ur v ari a n c es o n



( a)

( b)

Fi g u r e 8: C o m p a ri s o n of ( a) v a ri a n c e s o f s h a p e a n d ( b) t e x-
t u r e f e at u r e s f o r 2 5 0 s k et c h cl a s s e s.

t e xt ur es ar e s m all er f or all c at e g ori es. T hi s is cl e arl y visi bl e, si n c e
al m ost all bl u e pl us es ar e b el o w t h e r e d st ars.

5. 5 C o m p a ri s o n s o n di ff e r e nt f e at u r e f u si o n
st r at e gi e s

Gi v e n t w o f e at ur es, v ari o us f usi o n str at e gi es c a n b e a d o pt e d f or
t h e fi n al cl assi fi c ati o n. T a bl e 2 c o m p ar es o ur li n e ar f u n cti o n f usi o n
m et h o d wit h t h e alt er n ati v e dir e ct c o n c at e n ati o n a n d m a x p o oli n g
f usi o n. F or t h e dir e ct c o n c at e n ati o n f usi o n, w e c o n c at e n at e t h e
s h a p e a n d t e xt ur e v e ct ors o bt ai n e d as t h e o ut p uts of t h e first st a g e
t o a si n gl e v e ct or as t h e i n p uts t o t h e s e c o n d st a g e. T h e m a x p o ol-
i n g c o m bi n ati o n r e a c h es t h e a c c ur a c y as 9 0. 4 6 %. T h e m a x p o oli n g
m a k es t h e c o m bi n e d f e at ur e m or e dis cri mi n ati v e t h a n t h e c o n c at e-
n ati o n o n e. O ur li n e ar f u n cti o n f usi o n c a n still a c hi e v e t h e b est
p erf or m a n c e a m o n g t h e t hr e e. It is als o p ossi bl e t o c o nsi d er ot h er
f usi o n str at e gi es, e. g., f usi o n b ef or e t h e i n p ut of t h e first-st a g e G R Us
or aft er t h e s e c o n d-st a g e G R U l a y er.

5. 6 C o m p a ri s o n s wit h t h e st at e- of-t h e- a rt

We c o m p ar e S D- R N N wit h t h e st at e- of-t h e- art m et h o ds f or s k et c h
r e c o g niti o n. T h es e m et h o ds c a n b e di vi d e d i nt o t w o gr o u ps. O n e
c o m bi n es h a n d- cr aft e d f e at ur es a n d cl assi fi ers, e. g., H O G- S V M [ 9 ],
str u ct ur e d e ns e m bl e m at c hi n g [ 2 2 ], m ulti- k er n el S V M [2 1 ] a n d
Fis h er Ve ct or S p ati al P o oli n g ( F V- S P) [ 2 9 ]. T h e ot h er is d e e p l e ar n-
i n g b as e d m et h o ds i n cl u di n g Al e x N et [1 7 ], L e N et [2 0 ], Al e x N et- F C-
G R U [ 2 8 ], t w o v ersi o ns ( S k et c h- A- N et 1. 0 [4 0 ] a n d S k et c h- A- N et
2. 0 [ 3 9 ]) of S k et c h- A- N et fr a m e w or k, D V S F [1 2 ], H y bri d c o n v o-
l uti o n al n e ur al n et w or k [4 2 ], S k et c h P oi nt N et [3 6 ], a n d C o usi n-
N et [ 4 1].
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Fi g u r e 9: A c c u r a c y c o m p a ri s o n s b et w e e n o u r S D- R N N a n d
h u m a n i n ( a), a n d S k et c h- A- N et [ 3 9 ] i n ( b).

pr es e nt
pr es e nt( o urs)

c al c ul at or 
Y u et al. 2 0 1 6

c a ct u s
c a ct u s( o urs)

t- s hirt
Y u et al. 2 0 1 6

c ell p h o n e
c ell p h o n e( o urs)

c al c ul at or

f e at h er
h ot d o g( o urs)

l e af
Y u et al. 2 0 1 6

b o o k s h elf
c a bi n et( o urs)

b o o k s h elf
Y u et al. 2 0 1 6

c at
h e a d( o urs)

f a c e
Y u et al. 2 0 1 6

S ar v a d e v a b h atl a et al . 2 0 1 6

Fi g u r e 1 0: Ill u st r ati o n o f r e c o g niti o n s u c c e s s e s a n d f ail u r e s.

T a bl e 3 s h o ws t h e cl assi fi c ati o n a c c ur a c y of t h e c o m p ar e d m et h-
o ds o n t h e T U- B erli n d at as et. T h e list e d r es ults of ot h er m et h o ds
w er e g e n er at e d b y t h eir o w n i m pl e m e nt ati o ns or r e p ort e d i n t h eir
p a p ers. I n g e n er al, m et h o ds b as e d o n d e e p n et w or ks o bt ai n b ett er
p erf or m a n c e t h a n t h os e b as e d o n h a n d- cr aft e d f e at ur es. T h e a c c u-
r a c y of t h e m et h o ds b as e d o n h a n d- cr aft e d f e at ur es is l o w er t h a n
h u m a ns [ 9 ]. T his is b e c a us e t h e e xisti n g h a n d- cr aft e d f e at ur es ar e
w ell- d esi g n e d f or tr a diti o n al i m a g es b ut n ot s uit a bl e f or a bstr a ct
a n d s p ars e s k et c h es. A m o n g t h e e xisti n g d e e p l e ar ni n g b as e d m et h-
o ds, S k et c h- A- N et 1. 0 [ 4 0 ] is t h e first m et h o d t h at b e ats h u m a ns
wit h t h e a c c ur a c y 7 4. 9 %, a n d t h e i m pr o v e d v ersi o n ( S k et c h- A- N et
2. 0) o bt ai ns t h e a c c ur a c y 7 8. 0 %. D V S F [ 1 2 ] i m pr o v es S k et c h- A- N et
b y c o m bi ni n g i nt e gr at e d s k et c h f e at ur es, a n d o bt ai ns t h e a c c ur a c y
of 7 9. 6 %. S k et c h P oi nt N et [ 3 6 ] o bt ai ns si mil ar a c c ur a c y of 7 4. 2 % b y



taking the sparse of sketch into consideration. Our experiments
cover all the categories and keep the same proportion for training
(2 3) and testing (1 3) as these works do. Our method outperforms
these methods by more than 13% in accuracy.

Among the methods introducing additional information, Cousin-
Net [41] leverages natural images to guide the target network to
extract powerful features for recognition. Seventy-two instances
(90% of the total) in each category are used for training, while we
only use 66.7% (2 3) for training. However, we outperform Cousin-
Net by 12 55 percentage points. Another method that also combined
multiform features is Hybrid convolutional neural network [42].
Sketches are represented and learned by point-set in one branch,
and AlexNet is used for the other branch. The hybrid network
reaches the highest accuracy of 85.1% among the existing methods.
However, this is still 7.55 percentage points lower than our SD-RNN
method.

Further, we separately demonstrate the results of 250 categories
compared with human and Sketch-A-Net [39] implemented on the
same dataset and the same protocol with ours, and having the
closest accuracy to ours. The horizontal coordinate of each point of
the 250 blue points in Fig. 9(a) shows the human accuracy, while the
value of the vertical coordinate shows the accuracy of our method.
Similarly, our results compared with Sketch-A-Net are shown in
Fig. 9(b). For both figures, we can see most points lie in the upper
triangle, which means higher accuracy of our approach than the
other two. It is notable that our method obtains 100% rate on 110
categories, while humans have only one and Sketch-A-Net only
two categories with 100% accuracy. The lowest accuracy for our
method is 42.11% on the category of ‘seagull’, which is also difficult
for human and Sketch-A-Net to recognize with the accuracies as
low as 2.50% and 26.92%, respectively.

Figure 10 shows some tough examples. The ground truth is
labeled in black, while our results are labeled in green and other
methods in red. Our method succeeds in the first row but other
methods fail. In the second row, mistakes made by our method
seem reasonable. One may expect humans making similar mistakes.
The clear challenge level of sketch ambiguity demonstrates why
reliable sketch based communication is hard even for humans.

5.7 Online application
Base on the proposed method, we designed a novel app to teach
children and adults to draw 1. After a user first creates a rough
sketch, the app suggests most similar complete sketches. The user
can then select one of them and imitate it by retracing. The system
overview is shown in Fig. 11. The app runs in real-time and submits
the rough sketch to the server. Both geometry and texture features
are extracted and fed into the proposed SD-RNN on the server. The
recognition result and its corresponding instances are sent back
to the app. Users can choose any sketch they like to imitate. Our
results show that the proposed network architecture, and on-line
application generalize well to real user input and enable high quality
retrieval results without additional post-processing. Some retrieval
instances of our proposed online app are shown in Fig. 12.

1The application is available as Sketch.Draw.

Shape 
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Texture 
features

③②①

Strokes 
tracing

Retrieval instances 
display

Choose one 
for imitating

Client

Server

Stroke 
sequence

Hand-craft
Sketch

Feature 
extraction SD-RNN

Class: 
Elephant
Instances:

Figure 11: System overview of the proposed online applica-
tion.

… …

… …

… …

User Handcrafts Retrieval Instances

Figure 12: Retrieval instances of proposed online applica-
tion.

6 CONCLUSION
In this paper, we propose a sequential dual recurrent neural net-
work that combines both shape and texture features for sketch
recognition. Experimental results demonstrate that we achieve the
best performance compared with the state-of-the-art and humans
on sketch recognition. We use shape features to characterize geo-
metric information of sketches, which nicely complement texture
features, and combine both feature types in a deep learning frame-
work. Moreover, we explore the sequential nature of accumulative
stroke images rather than direct order of individual strokes. Thus,
our framework can enable interesting applications such as our
sketch retrieval and stick figure imitation framework. The learned
features of sketches can also be used in some other sketch-related
applications, such as sketch-based emoji retrieval, image and 3D
shape retrieval.
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