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Abstract—In this paper, we are concerned with the problem of
automatic scene text recognition, which involves localizing and
reading characters in natural images. We investigate this problem
from the perspective of representation and propose a novel multi-
scale representation, which leads to accurate, robust character
identification and recognition. This representation consists of a
set of mid-level primitives, termed as strokelets, which capture the
underlying substructures of characters at different granularities.
Strokelets possess four distinctive advantages: (1) Usability:
automatically learned from character level annotations; (2)
Robustness: insensitive to interference factors; (3) Generality:
applicable to variant languages; and (4) Expressivity: effective
at describing characters. Extensive experiments on standard
benchmarks verify the advantages of strokelets and demonstrate
the effectiveness of the text recognition algorithm built upon
strokelets. Moreover, we show how to incorporate strokelets to
improve the performance of scene text detection.

Index Terms—Scene text recognition, scene text detection, mid-
level representation, multi-scale representation, natural images.

I. I NTRODUCTION

Writing, considered as a hallmark of civilization [1], is
one of the greatest inventions of humanity. Text, as the
consequence of writing, has played an irreplaceably important
role in almost every aspect of human life, from ancient times
to nowadays. Due to its huge significance and utility, text is
nearly ubiquitous, especially in modern urban environments.
For example, posters, product tags, licence plates, electronic
signs, guideposts and billboards, all contain text, probably in
different forms.

The rich and precise semantics embodied in text are usually
complementary to low level cues (e.g., color, texture and
edge) and high level concepts (e.g., object, scene and event),
thus can be very beneficial to a variety of applications, for
instance, image understanding [2], video indexing [3], product
search [4], target geo-location [5], robot navigation [6] and
industrial automation [7]. Moreover, the popularization of
cameras (including surveillance cameras, consumer cameras,
smartphone cameras, etc.) and development of the Internet
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Fig. 1. Illustration of strokelets and character recognition. (a) Strokelets
learned on IIIT 5K-Word [8]. Strokelets capture the structural characteristics
of characters at multiple scales, ranging from local primitives, like bar, arc and
corner (top), to whole characters (bottom). (b) Character recognition examples.
Strokelets produce accurate character identification and recognition.

(including both the traditional Internet and mobile Internet)
are leading to continuous, rapid growth of images and videos
containing text, which opens doors for new opportunities and
possibilities. Therefore, automatic text detection and recogni-
tion, providing a means to access textual information in images
and videos, have become active research topics in computer
vision.

However, localizing and reading text in natural scenes
are extremely difficult for computers. Though considerable
progresses have been achieved in recent years [9], [10], [11],
[12], [13], [8], [14], [15], [16], detecting and recognizing
text in uncontrolled environments are still open problems.
Various interference factors, such as variation (e.g., changes
in character size, color and font), distortion, noise, blur, non-
uniform illumination, local distractor (e.g., non-text objects)
and complex background, all may pose big challenges [17],
[14].

How to tackle these challenges? We believe representation
is the key and core component of the whole solution. Excellent
representations should be able to effectively describe the
characteristics of characters in natural scenes and meanwhile
to robustly overcome the impacts of interference factors.

In this work, we are concerned with the problem of text
recognition in natural images (a.k.a. scene text recognition)
and propose a novel multi-scale representation. This repre-
sentation consists of a set of mid-level primitives, termed
as strokelets, each of which under ideal conditions repre-
sents a specific stroke shape. As a multi-scale representation,
strokelets capture the substructures of characters at different
granularities.

In particular, strokelets possess four distinctive advan-
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tages over conventional representations, which are called
the “URGE” properties:

• Usability: automatically learned from character level
bounding boxes, not requiring heavy supervision or de-
tailed annotations.

• Robustness: insensitive to various interference factors,
endowing the text recognition system based on strokelets
with the ability to deal with real-world complexity.

• Generality: applicable to characters of different lan-
guages, as long as sufficient training examples are avail-
able.

• Expressivity: effective at describing the properties of
characters in natural scenes, bringing high recognition
accuracy.

A subset of learned strokelets and several character recog-
nition examples by a system operating on those strokelets are
demonstrated in Fig. 1. Strokelets, as a universal representation
for characters, faithfully seize the representative partsof
characters at multiple scales; and characters in differentfonts,
scales, colors, and layouts can be successfully localized and
read, even with the presence of noise and local distractor.

Character identification1, the process of hunting each in-
dividual character and estimating the position and extent of
these characters, is a critical stage in text recognition, as
it constitutes the basis of subsequent feature computation,
character classification and error correction. In this sense,
the quality of character identification largely determinesthe
accuracy of text recognition. However, this stage is very prone
to failures, since numerous factors, such as noise, blur, shadow,
unusual layout, local distractor and connected characters, may
result in errors.

To address these issues, several approaches were proposed,
which employed adaptive binarization [18], [14], connected
component extraction [12], [13] or sliding window based char-
acter detection [10], [8], [19], [20]. These methods work well
in certain cases, but are still far from producing all satisfactory
results. Binarization is sensitive to noise, non-uniform illumi-
nation and local distractor. Connected component extraction
is unable to handle broken strokes and connected characters,
while sliding window based character detection cannot handle
significant variation in character aspect ratio and may produce
plenty of false alarms.

The learned strokelets memorize the relative positions and
dimensions of characters in the training phase, which can be
used to estimate these attributes of characters in test images
at runtime. Taking advantage of this property, we propose
an alternative strategy for character identification. Different
from the aforementioned approaches, the proposed strategy
accomplishes the task of character identification via multi-
scale strokelet detection and Hough voting [21]. This strategy
provides more accurate character localization, produces fewer
false alarms, and meanwhile is more robust to interference
factors, such as font variation, noise and non-uniform illumi-
nation.

Moreover, detection activations of strokelets compose a

1We intentionally avoid the term “character detection” as certain algorithms
(such as [18], [14]) utilize binarization to seek charactercandidates.

histogram feature, similar to Bag of Words [22] and Bag
of Parts [23], which provides extra discriminative power for
character classification. Based on strokelets, we devise an
effective algorithm for scene text recognition, which achieves
higher recognition rate than existing systems.

In our previous work [24], we have presented the main idea
of learning strokelets from training data and applied them to
scene text recognition. This paper extends that article with the
following modifications and contributions: (1) An improved
scheme for character identification (Sec. IV); (2) A scene
text detection system based on strokelets (Sec. V); (3) More
technical details, experimental comparisons and quantitative
analyses.

To evaluate the proposed representation as well as the
text detection and recognition algorithms, we have conducted
extensive experiments on standard benchmarks for scene text
detection and recognition, including the challenging public
datasets ICDAR 2003 [25], SVT [26] and IIIT 5K-Word [8].
The experiments verify the advantages of strokelets and
demonstrate the effectiveness of the proposed text detection
and recognition algorithms.

In summary, the major contributions of this paper are: (1)
This is the first work that introduces discriminatively trained
mid-level elements into the area of scene text detection and
recognition; (2) We propose a novel multi-scale representation
(named as strokelets), which captures the substructures of
characters at different granularities, produces robust charac-
ter identification, and yields accurate character classification;
(3) Based on strokelets, we construct scene text detection
and recognition algorithms, which achieve state-of-the-art or
highly competitive performances on various standard bench-
marks.

The rest of the paper is structured as follows. Sec. II briefly
reviews related works in this field. In Sec. III, we describe
in detail the procedure of strokelet generation. The text
recognition and detection algorithms based on strokelets are
presented in Sec. IV and Sec. V, respectively. Sec. VI provides
experimental results, comparisons and analyses. Conclusion
remarks and future works are given in Sec. VII.

II. RELATED WORK

In recent years, the computer vision community and docu-
ment analysis community have witnessed a surge in research
efforts in the area of text detection and recognition in natural
scenes. Consequently, a rich body of novel and inspiring works
have emerged [27], [9], [10], [12], [28], [29], [30], [14], [31],
[32], [33].

Neumannet al. [27] and Epshteinet al. [9] proposed power-
ful text detectors based on MSER (Maximally Stable Extremal
Region) and SWT (Stroke Width Transform), respectively,
which popularized connected component based methods and
inspired a lot of subsequent works [11], [34], [35], [36], [37].

Wang et al. [26], [10] used HOG (Histograms of Oriented
Gradients) templates [38] to match character instances in
test images with training examples. Neumannet al. [12]
extracted extremal regions as building blocks to localize and
recognize characters. Weinmanet al. [14] proposed to integrate
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character segmentation and recognition. Rodriguez-Serrano et
al. [31] explored a new way for text recognition, in which
label embedding was utilized to directly perform matching
between strings and images, bypassing pre- or post-processing
operations.

Part based methods [19], [29], [39] have been very popular
in this field. Shi et al. [19] described a part-based model,
employing DPM (Deformable Part Model) [40] and CRF
(Conditional Random Field) [41], for scene text recognition.
However, the structure of character models and parts of each
character class were manually designed and labeled. In [29],
Yildirim et al.developed a part-based algorithm which adopted
multi-class Hough Forest to detect and recognize characters in
natural images. Neumannet al. [39] introduced an approach
combining the advantages of sliding window and connected
component methods, in which character parts (strokes) are
modelled by oriented bar filters. The parts of [19], [29], [39]
are essentially single-scale representation, though the multi-
scale scanning strategy was adopted. In contrast, the proposed
representation is automatically inferred from training data and
represents character parts at multiple scales.

The proposed representation is mainly inspired by the re-
newed trend of automatically learning mid-level representation
for detection and recognition [42], [43], [44]. Singhet al. [42]
presented a discriminative clustering approach for discovering
mid-level patches. In their work, a set of representative patch
clusters are automatically learned from a large image database
for scene classification. Limet al. [43] proposed a novel
approach to learn local edge-based mid-level features, called
sketch tokens, by clustering patches of human generated
contours. In this paper, we learn a set of multi-scale mid-level
part prototypes to represent characters. Activations of such
part prototypes compose a histogram feature, akin to Bag of
Words [22] and Bag of Parts [23].

The great success of deep learning methods in various com-
puter vision tasks [45], [46], [47], [48], [49] has enlightened
researchers in the area of scene text detection and recognition.
Coates [50] and Wanget al. [51] used CNN (Convolutional
Neural Network) with unsupervised pre-training for text de-
tection and character recognition. Bissaccoet al. [52] built
a system using a DNN (Deep Neural Network) running on
HOG features, which is able to read characters in uncontrolled
conditions. Jaderberget al. [53] proposed a new CNN archi-
tecture, which allows feature sharing for character detection,
character classification and bigram classification. Similar to
these deep learning methods, our work also adopts the idea of
learning representation from data, but it explores a different
way and learns multi-scale part prototypes, rather than single-
scale global templates.

The presented work is complementary to a line of research
efforts on error correction [13], [28], [8]. Novikovaet al. [13]
proposed a unified probabilistic framework, which utilized
Weighted Finite-State Transducers [54] to simultaneouslyin-
troduce language prior and enforce attribute consistency within
hypotheses. Mishraet al. [28] constructed a CRF model to
impose both bottom-up (i.e. character detections) and top-
down (i.e. language statistics) cues. In [8], Mishraet al. ex-
tended this model by inducing higher order language priors.

These methods were built upon existing modules for character
identification (e.g. MSER extraction or sliding window) and
description (e.g. HOG templates). According to [8], replacing
such modules with those based on strokelets, these methods
could attain better performance.

III. STROKELET GENERATION

Given a set of training imagesS = {(Ii, Bi)}ni=1
containing

characters, whereIi is an image andBi is a set of bounding
boxes specifying the location and extent of the characters in
the imageIi, the goal of strokelet generation is to learn a
set of universal part prototypesΩ from the training setS.
The part prototypes should be able to capture the essential
sub-structures of characters and be distinctive from local
background and against each other.

As S only provides character level annotations, the part
prototypes should be automatically discovered. The newly
developed discriminative clustering algorithm proposed by
Singhet al. [42] meets the requirements well, since it learns
visual primitives that are both representative and discrimina-
tive from large image collections in an unsupervised manner.
In this paper, we adopt this algorithm to learn the strokeletset
Ω from S.

Given a “discovery” image setD and a “natural world” im-
age setN , the algorithm of Singhet al. [42] aims at discover-
ing a set of representative patch clusters that are discriminative
against other clusters inD, as well as the rest of visual world
modelled byN . The algorithm is an iterative procedure which
alternates between two phases: clustering and training.

The output of the algorithm is a set of top-ranked patch
clustersK and a set of classifiersC. Each clusterKj cor-
responds to a classifierCj that can detect patches similar to
those in the clusterKj in novel images. For more details,
please refer to [42]. In this work, the clustersK are learned
part prototypes of characters and the classifiersC will serve
as part detectors at runtime.

The algorithm of Singhet al. [42] was originally designed
for discovering discriminative patches from generic natural
images. To adopt it to learn part prototypes (strokelets) for
characters, we made the following customizations:

• The regions within the bounding boxesB constitute the
discovery setD as we aim to discover discriminative
parts for characters. The remaining regions of the training
images are taken as the natural world setN .

• To learn multi-scale parts for characters, the training ex-
amples (patches) are randomly drawn from the discovery
set D. The scales of these patches (following [42], we
also use square patches, i.e. the widthw and heighth are
equal andw = h = s) are random and proportional to the
scale of the bounding boxbb. The scale of a specific patch
is s = r · max(w(bb), h(bb)). The ratior is a random
variable in the interval[a, b] and 0 < a ≤ b ≤ 1. a and
b control the scale of the learned strokelets. Ifa = b,
single-scale strokelets will be generated.

• To make the learned strokelets robust to interference
factors from local background, we also randomly draw
examples (patches) from the natural world setN at
different scales.
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Algorithm 1 Procedure of strokelet generation

Require: Training setS, interval [a, b], strokelet countΓ
1: {D,N} ⇐ construct(S) ⊲ Construct Discovery setD and Natural World setN from S
2: D ⇒ {D1, D2}; N ⇒ {N1, N2} ⊲ Split D andN into equal sized disjoint subsets
3: R ⇐ random sample(D1, [a, b]) ⊲ Sample patches with scale ratio randomly drawn from[a, b]
4: K ⇐ cluster(R, λΓ) ⊲ Cluster sampled patches, the initial cluster number is set to λΓ (λ > 1)
5: repeat ⊲ Iterate until convergence
6: for all i such thatsize(K[i]) ≥ τ do ⊲ Maintain clusters with enough members,τ is a predefined threshold
7: Cnew [i] ⇐ train(K[i], N1) ⊲ Train classifier for each cluster
8: Knew[i] ⇐ detect top(C[i], D2, q) ⊲ Find topq new members in the other discovery subset
9: end for

10: K ⇐ Knew; C ⇐ Cnew ⊲ Update clusters and classifiers
11: swap(D1, D2); swap(N1, N2) ⊲ Swap the two subsets
12: until converged
13: A[i] ⇐ score(K[i]) ∀i ⊲ Compute score for each cluster, see [42] for details
14: Ω ⇐ select top(K,C,A,Γ) ⊲ Sort according to scores and select topΓ clusters and classifiers
15: return Ω

• At the initial clustering stage, each patchpk from the dis-
cover set is represented by a scale and location augmented
descriptor, which is the concatenation of the appearance
descriptord(pk), the relative scaler and the normalized
coordinates(xpk

, ypk
), following [55]. This forces the

patches in each cluster to be compact in configuration
space.

• The SVM (Support Vector Machine) classifier used
in [42] was replaced by Random Forest [56] because the
latter can achieve similarly high accuracy as SVM and
directly gives probabilities, which are more intuitive and
interpretable.

• The size of the patch descriptors (HOG [38]) is3 × 3
(rather than8×8) cells as they are sufficient for describ-
ing character parts.

The whole procedure for learning strokelets is summarized
in Algorithm 1. The learned strokelet set can be expressed
as Ω = {(Kj, Cj)}Γj=1

, whereK andC are the discovered
part prototypes and corresponding classifiers respectively, and
Γ is the size of the strokelet set. For each clusterKj , the
following information is stored: The set of all the members
(patches)Mj , their offset vectors to character centerVj , and
the average width̄wj and height̄hj of the parent rectangles,
from which the membersMj originate.Vj , w̄j and h̄j

2 will
be used to estimate the location and extent of characters in the
character identification stage (see Sec. IV-A).

Fig. 2 depicts the strokelets (classifiers not shown) learned
on the IIIT 5K-Word dataset [8]. As can be seen, strokelets, as
a universal multi-scale representation, describe part prototypes
of characters at different granularities, ranging from simple
micro-structures to entire characters. Moreover, they areable
to capture the parts that are common across different character
classes (see the top rows of Fig. 2 (b)) as well as those unique
to certain character classes (see the bottom row of Fig. 2 (b)).

In principle, strokelets are an over-complete representation,
but this is not guaranteed in reality, because of the greedy

2We assume thatVj , w̄j and h̄j have been normalized with respect to the
membersMj .

Fig. 2. Learned strokelets on the IIIT 5K-Word dataset [8]. (a) Each row
illustrates a cluster of part instances that constitute a strokelet. The images in
the first column (orange rectangle) are the average of all theinstances of that
strokelet. The rest are top-ranked part instances. (b) Discovered part instances
in original images. The learned part prototypes are tightlyclustered in both
appearance and configuration space.

pursuit strategy in strokelet generation and the limited diversity
in training data. However, the learned strokelets are sufficient
for the task of text recognition and work well in practice (see
Sec. VI).

Strokelets are by construction detectable primitives, as
they are generated via discriminative learning. Moreover,the
learned strokelets are tightly clustered in both appearance and
configuration space (see Fig. 2 (b)). These properties make
strokelets closely analogous to poselets [57], [58]. However,
different from poselets, which are obtained using manually
labeled data (part regions and keypoints), strokelets are auto-
matically learned using character level annotations.



BAI et al.: STROKELETS: A LEARNED MULTI-SCALE MID-LEVEL REPRESENTATION FOR SCENE TEXT RECOGNITION 5

Fig. 3. Character identification. (a) Original image. (b) Detections of
strokelets at different scales. Activations of different types of strokelets are
marked in different colors. For better visualization, the images are rescaled and
non-maximum suppression is applied to the activation windows. (c) Hough
map. (d) Identified characters. Different from [28], non-maximum suppression
for false alarm removal is not a tough task in our work, as multi-scale strokelet
detection and voting generate high-quality Hough maps.

IV. RECOGNITION ALGORITHM

The algorithmic pipeline for scene text recognition is fairly
straightforward: Character candidates are first sought from the
image via a voting based scheme for character identification
(Sec. IV-A); these candidates are then described by a his-
togram feature based on strokelets and a holistic descriptor
(Sec. IV-B); and character classification is applied to assign
the most probable class label to each character (Sec. IV-C).
Optionally, the inferred word is replaced by the most similar
item in a given dictionary, following [10], [28].

The algorithm described above is quite effective, even
though without sophisticated approaches to error correc-
tion [13], [8]. We believe better performance could be achieved
if such error correction methods are incorporated.

A. Character Identification

As stated in Sec. I, character identification is a key stage
in scene text recognition. However, binarization based meth-
ods [18], [14] are sensitive to noise, blur and non-uniform illu-
mination; connected component based methods [12], [13] are
unable to handle connected characters and broken strokes; and
sliding window based character detection based methods [26],
[8] usually produce a lot of false alarms, mainly due to varying
aspect ratios of characters and background clutters.

In our previous work [24], we proposed a novel scheme to
seek character candidates, via multi-scale strokelet detection
and voting. The scheme shares the idea of estimating character
centers through voting with the work of Yildirimet al. [29].
The work in [29] is essentially a patch based method, which
does not explicitly infer character parts, but simply learns the
mapping relations (multi-class Hough Forests) between local
patches and character center; besides, it only performs voting
at single scale, though multi-scale scanning is used during
character detection. In contrast, the strategy in [24] casts votes
from multiple scales.

Fig. 4. True and spurious votes in Hough voting. Blue rectangles: strokelet
activations; Green arrows: true votes; Red arrows: spurious votes.

Firstly, the original word image (Fig. 3 (a)) is resized
to a standard height (64 pixels in this paper) with aspect
ratio kept unchanged; since strokelets are naturally multi-
scale representation, a multi-scale sliding-window paradigm
is performed to detect strokelets (Fig. 3 (b)); a Hough map
(Fig. 3 (c)) is then generated by casting and accumulating
the votes from the strokelets activations, similar to [59],[21];
finally, the centers of the character candidates are found by
seeking maxima in the Hough map using Mean Shift [60] and
the extents of these candidates are determined by computing
the weighted average of the attributes of the clusters (average
width w̄j and height h̄j), which have been stored in the
training phase (Sec. III).

The number of character centers is estimated before the
Mean Shift process. Specifically, the character number is
calculated using the aspect ratio of the image. In the training
phase, we partition the aspect ratios (width over height) ofthe
training images into 24 discrete bins (e.g., 0.5, 1, 1.5...), and
compute the average word count for each aspect ratio bin. In
the testing phase, the initial number of character center isset
to 1.5 times of the average word count of the nearest aspect
ratio bin. After the Mean Shift process, overlapping character
candidates are merged if the overlap ratio (intersection over
union) between them is larger than 0.5.

It has been proven in [24] that the above described scheme
provides accurate character identification and is robust to
various interference factors. However, it may produce spurious
characters in certain situations. For example, it may mergetwo
adjacent characters into one (note the image in the first column
of Fig. 5 (c)) or split a character into two separate pieces (note
the images in the second and third column of Fig. 5 (c)). Such
spurious characters will give rise to errors in both character
localization and classification, thus bringing down the final
recognition rate.

Upon investigation, we figured out that the reason for such
wrongly identified candidates stems from Hough voting. In the
original Hough voting step, each strokelet activation blindly
votes for character centers, totally ignoring the influence
of other strokelet activations, which makes it impossible to
distinguish between true votes (votes that are close to character
centers) and spurious votes (votes that deviate from character
centers), as shown in Fig. 4.

An intuitive strategy for solving this problem is to exploit
the interactions between different strokelet activations, since
such high order relationships (e.g. pairwise co-occurrence)
conduce to disambiguation in Hough voting. However, this
strategy would cause combinatorial explosion at runtime,
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Fig. 5. Improved scheme for character identification. (a) Original image.
(b) Hough map produced by the scheme in [24]. (c) Characters identified by
the scheme in [24]. (d) Hough map produced by the improved scheme. (e)
Characters identified by the improved scheme.

because there are typically hundreds of types of strokeletsin
the strokelet setΩ and millions of strokelet activations in a
single image. Therefore, we introduce in this paper a simple
yet effective scheme for character identification.

In [24], each strokelet activation gives its vote accordingto
the offset vector set of the corresponding strokelet type,Vj .
Vj consists of a group of offset vectors, i.e.,Vj = {vt}ot=1

,
where o indicates the number of the offset vectors. In the
scheme of [24], all the offset vectors inVj are treated equally
and no weight is assigned to each offset vectorvt.

However, in the voting process a portion of the offset vectors
contribute positively (i.e. producing true votes) while others
might contribute negatively (i.e. producing spurious votes).
To enhance the effect of the offset vectors that contribute
positively and suppress that of the offset vectors that contribute
negatively, a weightωt is assigned to each offset vectorvt.
ωt is determined as follows: We perform multi-scale strokelet
detection and voting in all the training images and calculate for
each offset vector the ratio of true votes. This ratio reflects the
relative contribution of each offset vectorvt and thus serves
as the weightωt. The offset vector set becomes:

Vj = {vt, ωt}
o
t=1

. (1)

The procedure of computingωt is as follows: We perform
multi-scale strokelet detection and voting in all the training
images and calculate for each offset vector the ratio of true
votes. For each offset vectorvt, we count the total number
of votes byvt (denoted asPt), and the number of true votes
(denoted asQt). If the distance between the endpoint of a
offset vector and a character center is less than a quarter of
the smaller dimension of the character, it is considered as a
true vote. The weightωt is defined as:ωt = Qt/Pt.

In the testing phase, the improved scheme for character
identification performs weighted Hough voting, which intro-
duces negligible additional computational cost, comparedto
the original scheme. The improved scheme produces higher-
quality Hough maps and thus better character identification
results, as shown in Fig. 5 (e). It is able to avoid merging
thin characters into one spurious candidate or splitting wide
characters into two.

The experiments in Sec. VI confirm that the improved

Fig. 6. Examples of character identification. The improved scheme for
character identification is able to hunt characters of different fonts, sizes,
colors and layouts with the presence of noise, non-uniform illumination and
local distractor.

scheme for character identification provides more accurate
and reliable character localization, leading to much higher
recognition performance. Moreover, the modification we made
to the original Hough voting is general, so it can be adopted
to improve other Hough voting based object detection meth-
ods [21], [61].

The procedure for character extent (width and height) es-
timation is the same as in [24]. For a character candidate
α, assume a set of strokelet detections{dl(α)}ml=1

have
contributed to it, then the width and height ofα are calculated
as:

w(α) =

∑m

l=1
ρ(dl) · w(dl) · w̄dl∑m

l=1
ρ(dl)

, (2)

h(α) =

∑m

l=1
ρ(dl) · h(dl) · h̄dl∑m

l=1
ρ(dl)

, (3)

whereρ(dl) is the detection score ofdl, w(dl) andh(dl) stand
for the width and height ofdl, and w̄dl

and h̄dl
denote the

average width and height of the cluster corresponding todl,
respectively.

Several examples of character identification by the proposed
scheme are shown in Fig. 6. By adopting discriminative train-
ing and multi-scale voting, the proposed scheme gives precise
estimation of character center and extent, and is capable of
handling issues like noise, non-uniform illumination, varying
aspect ratios and broken strokes.

B. Character Description

Based on detection activations of strokelets, we introducea
histogram feature called Bag of Strokelets, in addition to the
traditional feature HOG [38].

Bag of Strokelets.For each identified character candidate,
all the strokelets that have voted for it are sought via back-
projection. A histogram feature is formed by binning the
strokelets. Strokelets of all scales (see Fig. 3 (b)) are assembled
together. Each strokelet contributes to the histogram feature
according to its detection score. To incorporate spatial infor-
mation, the Spatial Pyramid strategy [62] (1 × 1 and 2 × 2
grids) is also adopted. Among all pooling methods, we found
max-pooling [63] gave the highest accuracy, so max-pooling
is employed in all the experiments in this paper.
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Fig. 7. Samples of regions for training. (a) Text regions. (b) Non-text regions.

HOG. Following [28], [13], we also adopt the HOG de-
scriptor (the version proposed in [40]) to describe characters.
A template with5 × 7 cells is constructed for each character
candidate.

The Bag of Strokelets feature is complementary to HOG,
as it conveys information from different levels and is robust
to font variation, subtle deformation and partial occlusion. We
will evaluate the effectiveness of these two types of features
and compare their contributions to recognition accuracy in
Sec. VI-B6.

C. Character Classification

In this paper, we consider English letters (52 classes)
and Arabic numbers (10 classes), i.e. the alphabetΦ =
{a, . . . , z;A, . . . , Z; 0, . . . , 9} and|Φ| = 62. To handle invalid
characters (e.g. punctuations and background components), we
also introduce a special class, so there are 63 classes in total.

We train 63 character recognizers (binary classifiers), one
for each character class, in a one-vs-all manner. Random
Forest [56] is adopted as the strong classifier because of
its high performance and efficiency. Training examples are
harvested by applying the strokelets to the images in the
training set and compare the identified rectangles with the
ground truth annotations. At runtime, the character candidates
are classified by the trained recognizers; for each character,
the class label with the highest probability is assigned as the
recognition consequence.

V. DETECTION ALGORITHM

It has become an emerging trend in computer vision to
adopt representation trained for one task to accomplish other
tasks [64], [49]. Donahueet al.[64] directly used Krizhevsky’s
CNN model [46], which was trained on the dataset of
the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) [65], [66], as a feature extractor to perform various
recognition tasks, yielding excellent recognition performance.
Girshick et al. [49] utilized this CNN model to construct
a complete system for generic object detection, achieving
significant boost in detection accuracy. So here raises an inter-
esting question that if strokelets, as a representation originally
learned for text recognition, can act as a feature extractorin
other related tasks. We answer this question by constructing a
powerful text detection system, based on strokelets.

The proposed text detection system is built upon the al-
gorithm in [67]. Specifically, the Bag of Strokelets feature
is used as a descriptor for image regions that may contain
text strings (words or lines), similar to T-HOG [68]. A region

classification module (again a Random Forest classifier) is
trained on the Bag of Strokelets feature using positive and
negative examples collected by the system of [67], as shown in
Fig. 7. This region classification module is then plugged into
the system of [67] to identify and remove non-text regions,
before the final non-maximum suppression and thresholding
processes. In both training and testing, the regions are rescaled
to a standard height (64 pixels), before feature extractionwith
strokelets. This text detection system has proven to be effective
and robust (see Sec. VI-B8).

VI. EXPERIMENTS

We have evaluated the proposed representation, the text
detection and recognition algorithms based on strokelets,and
compared them with other competing methods, including the
leading algorithms in this field. All the experiments were
conducted on a regular PC (2.8GHz 8-core CPU, 16G RAM
and Windows 64-bit OS).

For all the Random Forest classifiers, 200 trees were used.
The windows for strokelet detection were sampled at 12 scales.
a = 0.2 andb = 1.0 for all the experiments unless specifically
stated.

A. Datasets

In this section, we introduce in detail the benchmark
datasets used for evaluation in this paper.

IIIT 5K-Word. The IIIT 5K-Word dataset [8] is the largest
and most challenging benchmark in this field to date. This
database includes 5000 images with text in both natural scenes
and born-digital images. It is challenging because of the
variation in font, color, size, layout and the presence of noise,
blur, distortion and varying illumination. 2000 images areused
for training and 3000 images for testing. This dataset comes
with three types of lexicons (small, medium, and large) for
each test image.

ICDAR 2003. The ICDAR 2003 Robust Word Recognition
Competition [25] was held to track the advances in word
recognition in natural images. This dataset is widely used in
the community to evaluate algorithms for text recognition in
cropped images. Following previous works [13], [8], [19], we
skipped the words with two or fewer characters, as well as
those with non-alphanumeric characters.

ICDAR 2011.The ICDAR 2011 dataset [69] is an extension
to the dataset used for the text locating competitions of ICDAR
2003 [25] and 2005 [70]. The previous evaluation protocol
is replaced by the evaluation method proposed by Wolfet
al. [71], as the latter is able to handle the cases of one-to-
many and many-to-many matches. We evaluated and compared
the performances of different text detection methods on this
dataset.

SVT. The Street View Text (SVT) dataset [26], [10] is a
collection of outdoor images with scene text of high variability.
This dataset can be used for both cropped word recognition
and full image word detection and recognition. We adopted
the SVT-WORD subset, which contains 647 word images, to
evaluate the proposed algorithm.

For fair comparison, the lexicons for the ICDAR 2003 and
SVT dataset provided in [10] were also used in this work.
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TABLE I
IMPACT OF STROKELET COUNTΓ TO WORD RECOGNITION RATE ON THE

IIIT 5K-W ORD DATASET.

Γ 100 200 300 400 500 600 700

Proposed 80.6 83.0 83.3 84.1 85.6 84.2 83.9

Strokelets (original) [24] 71.4 75.9 78.1 77.1 80.2 79.0 78.3

Fig. 8. Impact of strokelet countΓ to recognition rate on the IIIT 5K-Word
dataset.

B. Experimental Results and Discussions

1) Impact of strokelet CountΓ: Strokelet countΓ is a key
parameter as it determines the number of learned strokelets.
We first investigated the impact of strokelet count to word
recognition rate on the IIIT 5K-Word dataset, since it is the
largest dataset for character recognition. We believe thatthe
assessment and conclusion acquired on this dataset are more
credible than those on small-sized datasets.

As can be seen from Table I and Fig. 8, the recognition
rate increases with strokelet countΓ upto a certain point and
then slightly decreases. The highest accuracy was achieved
with Γ = 500. In all the following experiments except the
experiments in Sec. VI-C, strokelet countΓ is fixed at 500.

The proposed method consistently outperforms the original
version [24] by a large margin (more than 5% improvement on
average in recognition rate). This demonstrates the effective-
ness of the proposed scheme for character identification, since
the only difference between the proposed method and [24] is
the scheme for character identification.

TABLE II
PERFORMANCES OF DIFFERENT ALGORITHMS EVALUATED ON THEIIIT

5K-WORD DATASET.

Lexicon Small Medium Large

Proposed 85.6 72.7 40.9

Strokelets (original) [24] 80.2 69.3 38.3

Reading Text in the Wild with CNN [72] 97.1 92.7 -

Deep Structured Output Learning [73] 95.5 89.6 -

Label Embedding [31] 76.1 57.4 -

Higher Order [8](with edit distance) 68.25 55.50 28

Higher Order [8](without edit distance) 64.10 53.16 44.30

Pairwise CRF [28](with edit distance) 66 57.5 24.25

Pairwise CRF [28](without edit distance) 55.50 51.25 20.25

ABBYY9.0 [74] 24.33 - -

Fig. 9. Examples of character recognition on the ICDAR 2003 and SVT
datasets. Though only trained on the IIIT 5K-Word dataset, the strokelets
generalize well to the images from ICDAR 2003 and SVT.

2) Recognition Results on IIIT 5K-Word:We learned a
set of strokelets on the IIIT 5K-Word dataset and evaluated
the proposed algorithm on it. The performances (word level
recognition rates) of the proposed algorithm and other recently
published works are illustrated in Table II. In general, thepro-
posed algorithm outperforms all the conventional methods,but
lags behind those based on deep learning [72], [73]. Note that
these deep learning based systems utilized tremendous amount
of extra data for training, while other methods (including the
proposed algorithm) only used the training examples from the
IIIT 5K-Word dataset.

With small lexicon, the proposed algorithm achieves a
recognition accuracy of 85.6%, which is 9.5% higher than
that of the closest competitor Label Embedding [31] (76.1%);
with medium lexicon, the improvement (15.3%) is even more
notable; with large lexicon, the proposed algorithm is com-
parable to Higher Order without edit distance, but behind it
(40.9% vs 44.3%). This is reasonable as the large lexicon
is independent from IIIT 5K-Word3 and Higher Order [8]
without edit distance incorporated statistical language model
for error correction. The comparison between the proposed
approach and Higher Order with edit distance is much fairer,
where the improvement (from 28% to 40.9%) is also very
significant.

The proposed method substantially improves upon the orig-
inal version of strokelets in [24]. The gains in recognitionrate
under three settings are 5.4%, 3.4% and 2.6%, respectively.

The IIIT 5K-Word dataset is the largest and most challeng-
ing benchmark in this field. The comparisons above demon-
strate that the proposed representation and text recognition
method are both effective and robust. Moreover, the proposed
method can be integrated with those of [8] and [28], which
will create a more powerful system for scene text recognition.

3) Recognition Results on ICDAR 2003 and SVT:We
also applied the learned strokelets to the test images of the
ICDAR 2003 and SVT dataset. Fig. 9 shows several character
recognition examples on these two datasets. The strokelets
trained on the IIIT 5K-Word dataset generalize well to novel
images from other databases. The proposed algorithm is able

3This means the large lexicon does not necessarily contain the ground truth
words.
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TABLE III
PERFORMANCES OF DIFFERENT ALGORITHMS EVALUATED ON THEICDAR 2003AND SVT DATASET.

Dataset ICDAR 2003(FULL) ICDAR 2003(50) SVT

Proposed 82.64 90.27 80.99

Strokelets (original) [24] 80.33 88.48 75.89

Reading Text in the Wild with CNN [72] 98.6 98.7 95.4

Deep Structured Output Learning [73] 97.0 97.8 93.2

Deep Features [53] 91.5 96.2 86.1

PhotoOCR [52] - - 90.39

Discriminative Feature Pooling [20] 76 88 80

CNN [51] 84 90 70

Whole [30] - 89.69 77.28

TSM+CRF [19] 79.30 87.44 73.51

TSM+PLEX [19] 70.47 80.70 69.51

Multi-Class Hough Forests [29] - 85.70 -

Large-Lexicon Attribute-Consistent [13] 82.8 - 72.9

Higher Order [8](with edit distance) - 80.28 73.57

Higher Order [8](without edit distance) - 72.01 68.00

Pairwise CRF [28](with edit distance) - 81.78 73.26

Pairwise CRF [28](without edit distance) - 69.90 62.28

SYNTH+PLEX [10] 62 76 57

ICDAR+PLEX [10] 57 72 56

ABBYY9.0 [74] 55 56 35

to handle challenges like font variation, scale change, blur,
non-uniform illumination and partial occlusion.

The performances of the proposed algorithm as well as other
competing methods on the ICDAR 2003 and SVT dataset
are depicted in Table III. The proposed algorithm achieves
recognition accuracy of 82.64%, 90.27% and 80.99% on
ICDAR 2003(FULL), ICDAR 2003(50) and SVT respectively,
outperforming the competing methods of [10], [13], [28], [8],
[29], [19], but still behind those in [51], [30], [52], [53].

CNN based methods [51], [30], [52], [53], [72], [75], [73]
generally achieve much higher performance than other meth-
ods, including the proposed algorithm in this paper. However,
the excellent performances of these methods depend heavilyon
large volume of training data. For example, the method in [51]
used 12k training images, while the PhotoOCR engine [52]
was trained with 2.2 million labelled examples, which are
not publicly available. The algorithm in [53] mined about
14k words and 71k characters from Flickr. In contrast, our
algorithm is trained using a far smaller training set (2000
images from IIIT 5K-Word). The system in [30] obtains
good results on these two datasets, but cannot handle words
out of the given dictionaries. Compared to these methods,
the proposed algorithm requires less training data and has a
broader scope of application.

Though there is an obvious gap between the performance of
our approach and deep learning based methods, we still thinkit
novel and valuable, since: (1) If trained with the same training
set, the gap in performance will not be so obvious. (2) Deep
learning based methods have achieved excellent performance
on scene text recognition, but this does not indicate that the
research of conventional approaches is insignificant. On the
contrary, conventional approaches may provide insightfuland
inspiring ideas, which can be complementary to the deep learn-

ing based methods. (3) This work explores an alternative way
for automatically learning multi-scale prototypes of characters.
The model is capable of capturing the structural information of
characters at different granularities (from local structures to, to
strokes and even to whole characters), which produces robust
character localization and yields accurate character classifica-
tion. In contrast, most existing deep learning based methods
only perform coarse level (whole characters or words) classi-
fication. We argue that exploiting information from different
levels is beneficial for character localization and recognition.
(4) The main idea of Strokelets is actually quite generic, thus
it can be readily combined with deep learning techniques. For
instance, we could replace the Random Forest classifiers with
CNN classifiers and/or employ deep features instead of HOG
features. We believe that in this way the quality of learned
Strokelets and the final recognition performance would be
significantly enhanced. This direction will be explored in a
future work.

It is worth mentioning that the proposed algorithm is
superior to [19], which employed manually designed character
models and detailed part annotations. This proves that in
character recognition automatically learned part prototypes
could work better than those defined and labeled by human.

The performance gains achieved by the proposed method are
mainly due to two reasons: (1) Compared to other approaches,
strokelets produce more accurate and robust character identifi-
cation; (2) The proposed Bag of Strokelets feature offers extra
discriminative power, further boosting the recognition rate.

4) Effectiveness of Strokelets in Character Identification:
We validated the excellent ability of strokelets in character
identification on the IIIT 5K-Word dataset. Character iden-
tification performance is measured by precision and recall,
following the Higher Order algorithm in [8]. Similar to the
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TABLE IV
CHARACTER IDENTIFICATION ACCURACIES OF DIFFERENT ALGORITHMS

EVALUATED ON THE IIIT 5K-W ORD DATASET.

Algorithm Precision@Recall=78% Precision@EER

Proposed 51 69

Strokelets (original) [24] 45 64

Higher Order [8] 17 35

TABLE V
CHARACTER CLASSIFICATION ACCURACIES OF DIFFERENT ALGORITHMS

EVALUATED ON THE CHARS74K, ICDAR-CHARAND SVT-CHAR
DATASETS.

Algorithm Chars74K ICDAR-CHAR SVT-CHAR

Proposed 62 69 71

Strokelets (original) [24] 60 67 64

NATIVE+FERNS [10] 54 64 -

SYNTH+FERNS [10] 47 52 -

HOG+NN [26] 58 52 -

MKL [77] 55 - -

evaluation protocol of the PASCAL VOC object detection
task [76], detections are considered true or false positives
based on the overlap ratio (intersection over union) between
the predicted rectangles and the ground truth annotations.
The character identification accuracy of strokelets and that of
Higher Order [8] are shown in Table IV. As can be observed,
the original version of strokelets in [24] obtains precision of
45% at recall=78% and precision of 64% at EER (Equal Error
Rate), far surpassing [8] (precision≈17% at recall=78% and
precision≈35% at EER4).

Note that the proposed scheme for character identification is
more effective and further enhances the character identification
accuracy (precision=51% at recall=78% and precision=69% at
EER).

5) Effectiveness of Strokelets in Character Classification:
We also validated the excellent ability of strokelets in character
classification on the Chars74K [77], ICDAR-CHAR and SVT-
CHAR [10] datasets. Different from previous methods, which
resized the character images into a canonical size (e.g.24×24)
before feature computation and character classification, we
rescale the character images to a standard height (64 pixels)
with aspect ratio unchanged and performed character identi-
fication and classification in these images, assuming a single
character in each image.

The character classification accuracies (case insensitive) of
different algorithms are shown in Table V. The original version
of strokelets in [24] obtains accuracies of 60%, 67% and 64%
on Chars74K [77], ICDAR-CHAR and SVT-CHAR [10], re-
spectively, outperforming the conventional character classifica-
tion methods such as NATIVE+FERNS, SYNTH+FERNS [10]
and HOG+NN [26]. Since the improved scheme for character
identification produces more precise estimation of character
location and extent, the proposed algorithm in this paper
yields higher character classification performance compared
to the previous version [24], achieving accuracies of 62%,
69% and 71% on Chars74K, ICDAR-CHAR and SVT-CHAR,

4These two precision values are read from graph in [8], thus are not precise.

TABLE VI
PERFORMANCES OF DIFFERENT TYPES OF FEATURES.

Feature Bag of Strokelets HOG Bag of Strokelets+HOG

Accuracy(%) 80.7 83.2 85.6

TABLE VII
ADVANTAGE OF MULTI -SCALE REPRESENTATION.

Scale(a=b) 0.2 0.3 0.4 0.5 0.6 0.7 multi-scale

Accuracy(%) 64.5 75.6 78.4 80.3 80.9 80.5 85.6

respectively. The work in [19] used a different evaluation
protocol, thus is not directly comparable.

6) Contributions of Different Types of Features:In addition,
we evaluated the effectiveness of the Bag of Strokelets feature
and compared it with HOG. We tested three types of features:
Bag of Strokelets, HOG, and their concatenation (Bag of
Strokelets+HOG). The recognition rates of these three types of
features on the IIIT 5K-Word dataset are shown in Table VI.
The conventional feature HOG is quite informative, achieving
a recognition rate of 83.2%, while that of Bag of Strokelets is
80.7%. These two types of features are indeed complementary.
Their combination leads to higher performance (85.6%).

7) Advantage of Multi-Scale Representation:To verify
the advantage of multi-scale representation over single-scale
representation, we also trained several sets of single-scale
strokelets with different scales on the IIIT 5K-Word dataset.
The recognition rates of those strokelets as well as multi-scale
strokelets are shown in Table VII.

As can be observed, even single-scale strokelets perform
fairly well on this challenging benchmark, while multi-scale
strokelets bring further improvement. Multi-scale representa-
tion, being able to capture the characteristics of characters
at different granularities and thus convey more information,
performs much better than single-scale representations.

8) Effectiveness of Strokelets in Text Detection:We tested
the proposed text detection system on the ICDAR 2011
dataset [69] and compared it with the baseline method [67]
as well as other competing algorithms. The performance of
the proposed system as well as that of other methods on this
benchmark are shown in Table VIII.

Compared to the baseline method [67], the proposed system
achieves significantly enhanced performance (improvements
of 3.4%, 3.1% and 3.3% in precision, recall and F-measure,
respectively). Note that we applied the strokelets based classi-

TABLE VIII
PERFORMANCES OF DIFFERENT TEXT DETECTION METHODS EVALUATED

ON THE ICDAR 2011DATASET.

Algorithm Precision Recall F-measure

Proposed 85.6 68.8 76.3

Baseline [67] 82.2 65.7 73.0

Huanget al. [78] 88 71 78

Yin et al. [37] 86.3 68.3 76.2

Neumannet al. [79] 85.4 67.5 75.4

Koo et al. [35] 81.4 68.7 74.5

Yi et al. [80] 67.2 58.1 62.3
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TABLE IX
PERFORMANCES OFRANDOM FOREST ANDSVM EVALUATED ON THE

IIIT 5K-W ORD DATASET.

Lexicon Small Medium Large

Proposed (RF) 85.6 72.7 40.9

Proposed (SVM) 78.9 66.2 31.5

fication module before non-maximum suppression and thresh-
olding, so the proposed text detection system can obtain
improvements in both precision and recall. This comparison
demonstrates that strokelets can serve as an effective feature
extractor for scene text detection.

The performance of the proposed text detection system out-
performs the competing algorithms [37], [79], but is inferior to
the current state-of-the-art method of Huanget al. [78], which
incorporated a CNN model trained on tremendous synthesized
examples.

9) Choice of Strong Classifier in Character Classification:
In the previous experiments, we chose Random Forest as the
strong classifier for character classification, mainly because
it is easy to implement and leads to high performance and
efficiency. In this section, we validate the choice of strong
classifier in character classification.

In particular, we have conducted a group of experiments
to compare the performance of SVM and Random Forest on
the task of scene text recognition. We replaced the Random
Forest classifiers (character recognizers) with SVM classifiers,
with other parameters kept unchanged. The SVM classifiers
are trained and evaluated on the training set and testing set
of the IIIT-5K Word dataset, respectively. The settings of the
SVM classifiers are as follows: OpenCV 3.0 implementation,
RBF kernel, 5 fold cross-validation for parameter search and
other parameters set as default.

The performances of SVM as well as Random Forest on
the IIIT-5K Word dataset are Table IX. As can be seen, on
this specific task Random Forest results in better results than
SVM, in three settings of the IIIT-5K Word benchmark. The
main reason is possibly that in this task the training examples
are highly imbalanced (e.g. the number of ’a’ is much larger
than that of ’z’) and Random Forest is able to automatically
handle this issue, while SVM requires that the class weights
being elaborately tuned.

In summary, we think that in general Random Forest is not
necessarily better than SVM, but the former is more suitable
for this specific task, mainly due to its performance, efficiency
and usability.

C. Generality of Strokelets

The previous qualitative and quantitative results have con-
firmed theusability, robustnessandexpressivityproperties of
strokelets. To verify thegeneralityproperty, we demonstrate
three sets of strokelets learned on different languages in
Fig. 10.

As we can see, the learned strokelets faithfully reflect the
characteristics of the corresponding languages. For example,
the strokelets learned on Chinese capture the rich horizontal

Fig. 10. Learned strokelets (Γ = 100) on different languages. (a) Chinese.
Original images are from [81]. (b) Korean. Original images are from [82]. (c)
Russian. Original images are harvested from the Internet.

and vertical structures, while those on Korean additionally
highlight the arc structures. Strokelets can be readily applied
to other languages, without further tweaking or customization.
The only requirement is sufficient training examples. More-
over, in order to cope with multilingual scenarios, we could
learn a hybrid set of strokelets on multiple languages.

D. Limitations of Proposed Algorithm

Fig. 11. Typical failure cases of the proposed algorithm. (a) Extreme tilt.
(b) Heavy blur. (c) Scribbling. (d) Characters out of the alphabet. Magenta
characters: recognition results; Green characters: ground truth.

As demonstrated in the above examples and evaluations,
the proposed algorithm works fairly well in various real-
world situations, it is however far from perfect. It would make
mistakes under certain conditions, as depicted in Fig. 11. The
proposed algorithm is robust to rotation to some degree, but
cannot handle extremely tilted words (Fig. 11 (a)). Heavy blur
(Fig. 11 (b)) and scribbling (Fig. 11 (c)) pose major problems
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to both character identification and classification. Moreover,
characters that are out of the given alphabet (e.g., ’!’ and ’$’
in Fig. 11 (d)) can be successfully detected by the proposed
algorithm, but cannot be correctly recognized.

Another shortcoming of the proposed algorithm lies in
processing efficiency. The average speed of the algorithm on
the IIIT 5K-Word dataset (cropped images) is about 1fps5,
which is insufficient to support time-sensitive applications,
such as instant translation. As a reference, the mean processing
time of PhotoOCR [52] is 600ms per full image. However, it is
possible to deliver low-latency services, if we implement the
proposed algorithm in high-performance computing clusters
(just like PhotoOCR).

VII. C ONCLUSIONS ANDFUTURE WORK

We have introduced strokelets, a novel multi-scale rep-
resentation for characters in natural scenes. Strokelets are
automatically learned merely from character level annotations
and are able to capture the underlying substructures of charac-
ters at different granularities. Moreover, strokelets provide an
alternative way to accurately identify individual characters and
compose a histogram feature to effectively describe characters.
The scene text detection and recognition algorithms based on
strokelets are both effective and robust. Extensive experiments
on standard benchmarks verify the advantages of strokeletsand
demonstrate the effectiveness of the proposed text detection
and recognition algorithms.

Actually, the idea of learning part prototypes from training
data in an unsupervised manner is quite general, and thus
can be readily extended to other object classes (e.g. cars,
persons, and horses) or problems [83], [84], [85], [86]. It
would be interesting to employ this idea to learn a universal
representation for multiple object classes. We will devote
ourselves to the development of unified systems for multi-class
object recognition in the future.
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