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Abstract Finding logos in the real-world images is a
challenging task due to their small size, simple shape, less
texture and clutter background. In this paper, through
visual logo analysis with different types of features, we
propose a novel framework for finding visual logos in the
real-world images. First, we exploit the contextual shape
and patch information around feature points, merge them
into a combined feature representation (point-context).
Considering the characteristics of logos, this kind of fusion
is an effective enhancement for the discriminability of
single point features. Second, to eliminate the interference
of the complex and noisy background, we transfer the logo
recognition to a region-to-image search problem by segmenting real-world images into region trees. A weak
geometric constraint based on regions is encoded into an
inverted file structure to accelerate the search process.
Third, we apply global features to refine initial results in
the re-ranking stage. Finally, we combine each region score
both in max-response and accumulate-response mode to
obtain the final results. Performances of the proposed
approach are evaluated on both our CASIA-LOGO dataset
and the standard Flickr logos 27 dataset. Experiments and
comparisons show that our approach is superior to the
state-of-the-art approaches.
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1 Introduction
Logo recognition in real world is both a valuable commercial application and an active research area. According
to the United States Patent and Trademark Office,1 there
are nearly 0.25 million new logo registrations in 2012 and
increasing rapidly. Logo recognition can be widely used for
registered trademark protection to avoid a likelihood of
confusion. Besides, it can also be applied to product recommendation systems embedded in some online video
websites for watching sport videos, online movies, TV
shows, etc. Some examples of visual logos are shown in
Fig. 1. Because of the usefulness, in the past decades,
many researches of logo recognition tended to follow the
improvements of general object recognition approaches
[30–32] which have provided us with a lot of promising
results. However, simply transferring the approaches of
general object (e.g., scene, landmark, car, building, etc.)
recognition to logo recognition may ignore the specific
characteristics of logo images, including small size, simple
shape and less texture, and lead to inferior results.
In the field of general object recognition, one of the most
popular image representations is bag-of-words model
(BOW) [27] with its improved versions. The BOW representation forms a histogram of visual words with their
frequency. Although the BOW-based approaches have
achieved some good results, the appearance-based feature
matches may cause a great quantity of false correspondences due to the infinite combination of scale, orientation,
viewpoint and lighting in the real-world images. To
1

http://www.uspto.gov.
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enhance the robustness of the descriptor and improve
matching accuracy, one intuitive approach is to encode
additional spatial constraints of local features into the
BOW model. Previous approaches [9, 18, 29, 33] present
some novel schemes to use the combination of visual
words with statistically spatial configurations. Following
similar ideas, in the field of logo recognition, Romberg
et al. [23] presented a good recognition result by encoding
and indexing the relative spatial layout of local features in
logo images. Kalantidis et al. [14] proposed a scalable
triangulation-based method in logo images. Kleban et al.
[16] leveraged a data mining scheme to identify frequent
spatial configurations for logo detection. The spatial
information is effective for improving the recognition
accuracy; however, these approaches only utilize the local
gradient orientation histogram around each feature point in
logo images, which lack descriptive ability for small logos
with simple patterns and few feature points. For instance,
though local features have strong adaptability for object
recognition, there are only few SIFT points in some logos
as in Fig. 3. The insufficient local features limit the
effectiveness of logo recognition.
Moreover, compared with [25] where most experimental
data are clear logos on simple background, real-world
visual logos can be printed on non-rigid surface in noisy
scenes, such as athletes’ clothes and shoes. Therefore, the
clutter backgrounds, occlusions and variations in photometric conditions and perspectives also increase the difficulty in logo recognition. To solve the problem, traditional
template matching and point correspondence approaches
[13, 26] can be applied; however, the limited number of
templates makes these approaches suffer from low recall.
In addition, with the number of logos increasing, the
computational cost will greatly increase for template-based
approaches. On the contrary, region-based method has
more flexibility and draws great attention recently. Kim
et al. [15] introduced a region-to-image point matching
method where they leverage bottom-up segmentation to
produce regions. The experiment shows that the matching
is powerful enough to achieve better results. In [11, 12, 17,
28], regions play a key role in object detection, segmentation, classification, category discovery and scene understanding. The region-based method has shown promising
results compared with several other competing methods in
these domains. For real-world images, small logos and
background often blend well together. Effective region
partitions can provide us with good candidate regions
which contain clean and clear logos and meanwhile reduce
the background interference.
In this paper, towards building a practical large-scale
logo recognition engine, we investigate the contextual
patch and shape information around the feature points
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Fig. 1 Visual logos and real-world images with logos

based on analysis of the characteristics of visual logos in
real-world images. A novel framework is proposed to solve
the specific problem of object recognition with small size,
simple shape, less texture and clutter background. As
illustrated in Fig. 2, the framework includes hierarchical
image segmentation, point-context model, region-to-image
search and re-ranking. To highlight the contributions of this
paper, we summarize them as follows:
1.

2.

3.

We propose a novel framework to find visual logos in
real-world images based on point-context representation and region-to-image search.
Based on the analysis of appearance characteristics of
visual logos, we exploit the contextual shape and patch
information around the feature points, merge them into
a combined feature representation (point-context).
Considering the small size, simple shape and less
texture in logo recognition, this kind of fusion is an
effective enhancement for the discriminability of
single point features.
To extract the candidate logo area and eliminate
background noises, we present a region-based logo
search and recognition paradigm, covering hierarchical
region segmentation and efficient region-to-image
search. Global features with various forms are utilized
to re-rank the initial search results which are effective
complements for the point-context representation.

In all, this paper focuses on logo recognition with small
size, simple shape, less texture and clutter background. In
addition, we collect a large-scale logo dataset CASIALOGO for investigating the logo recognition task, which
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Fig. 2 The overall framework of our approach

contains 82 kinds of logos with 10 K real-world logo
images and 190 K noise images.

2 Point-context representation
2.1 Visual logo analysis with different types of features
There are lots of logos in real-world images [10] with
various appearances due to creative designs. In the object
recognition task, although some ‘‘point-type’’ features like
Harris points and SIFT points [20] have been demonstrated
to be effective for matching problems, there still exist some
kinds of logos where we cannot extract sufficient point
features.
Figure 3 shows some examples of visual logos with
their corresponding SIFT points. There are lots of SIFT

points for CocaCola, KFC and STARBUCKS, which provide a good foundation for retrieval or recognition problem
with feature matching. Therefore, we call this kind of logos
as ‘‘point-type’’. However, under the same parameter setting as [20], we just obtain few points for visual logos such
as NIKE, LINING and APPLE, as shown in the second line
in Fig. 3. The reason is obvious that these logos are very
simple and of less texture. Meanwhile, the logos of NIKE,
LINING and APPLE do not have much difference in their
color attribute. But we can find out that the shape attribute
is an effective discrimination for these cases, where contour features like edge histogram or shape context could
effectively be used to discriminate them. These kinds of
logos are of ‘‘shape-type’’. In addition, for some visual
logos like Bouygues, LG and PEPSI shown in the third line
in Fig. 3, the contour of them are all circles and the
extracted SIFT points are not too much. But their color

Fig. 3 Logos and SIFT points. a Different type of logos. b The corresponding SIFT points in the logo images
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distributions are significantly different. So for this case, we
can leverage patch features like the color distribution or
MSER [21] to model logo appearances. This kind of logos
is of ‘‘patch-type’’. Based on the analysis above, each type
of feature can model some parts of logos well in the realworld logos. Therefore, according to the type of features
which can best model the logo, we classify visual logos as
‘‘point-type’’, ‘‘shape-type’’ and ‘‘patch-type’’. Analyzing
the discriminability and complementarity for different logo
appearance descriptions, we try to combine three types of
features in a local context to improve the performance of
logo retrieval.

2.

2.2 Hierarchical segmentation
Before extracting the point-context features, we need to
obtain the meaningful logo regions of the real-world images.
Regions can be obtained by lots of segmentation approaches,
such as GrabCut [24], Mean Shift [7], Jseg [8], from contour
to region method [1]. In this paper, we adopt Jseg segmentation approach [8] with multiple segmentation parameters
to generate region tree. The region tree provides coarse-tofine regions with different scales, which guarantees that the
logo area can appear completely in a region of a certain
segmentation level. To remove noisy regions and shrink the
search space of regions, we set four parameters kþ ; k ; fþ
and f : A region will be removed if its perimeter is longer
than k? or lower than k-. In addition, we discard the region if
its area is bigger than fþ or smaller than f . We set kþ ¼
10;000; k ¼ 10; fþ ¼ 200;000; f ¼ 50 in our experiments, which provide acceptable results in most cases. In this
way, we can obtain coarse-to-fine segmentation results for
real-world images, which can keep the contour integrity of
visual logos and eliminate the background noise.
2.3 Point-context representation
Based on the logo type analysis, we try to encode a series
of discriminative features like point, shape and patch with
their spatial relationships into a group-based formulation.
Inspired by some geometrical verification methods [18,
19], we develop a novel point-context representation,
which is defined as a group of highly correlated features
based on keypoints. We first detect SIFT points in the realworld images, then the point-context representation is built
as a multi-modal representation for the region around each
keypoint with a group of histograms. These histograms can
reflect multiple attribute descriptions for a local region.
The core step of the point-context representation is
shown in Fig. 4.
1.

Point feature: extracting the point-type features, such
as SIFT keypoint, in each segmented region. Each
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keypoint descriptor is formed by accumulating the
image gradients into orientation histogram through
summarizing the contexts over its subregions. SIFT
feature is invariant to image scale and rotation, and can
provide robust matching when changes occur in
viewpoint and illumination. Actually, other kinds of
point-type feature can also be an acceptable alternative, such as SURF feature [2].
Shape feature: for each keypoint, we detect edges
around the point with Canny operator [5] and select the
closed edges as the contour. Since many contours can
enclose one keypoint, we pick the nearest contour
whose area is the smallest than other contours. Our aim
was to describe a larger neighborhood than SIFT
descriptor of a keypoint and encode more shape
information within the neighborhood, so we further
describe the spatial layout of its nearest contour for
each keypoint. Inspired by [3], we partition the area of
the nearest contour into M 9 N bins. A log-polar
histogram is built to describe a distribution of points on
the nearest contour. The shape histogram is computed
as:
hðkÞ ¼ ]fpj :pj 2 ðbinðkÞÞg

3.

ð1Þ

where, pj stands for the points surrounding the pointtype features, bin(k) the k-th bin of the histogram and
h(k) is the shape histogram of point distribution on the
nearest contour. This shape histogram preserves local
shape information close to the keypoint and covers a
relatively larger distance with a coarser quantization
than the point-type feature. The shape histogram is
robust for finding correspondences between shapes.
Patch feature: To achieve more robustness to the
occlusions and perspective variation than the pointtype and shape-type features, we add the normalized
color histogram as patch-type feature to model the
color distribution of the closed contour where the
keypoint locates. First, we turn the original image to
gray scale space and each pixel only has 256 possible
values. Then, we uniformly partition the possible value
into N bins and calculate the frequency for each bin to
get an initial histogram. Finally, we normalize the
histogram by its maximum value of bins.

In our implementation, we extract 128D SIFT descriptor
as the point-type feature, a 60D shape descriptor on its
contour with M = 12 and N = 5, and a 36D normalized
gray histogram to model the appearance around the keypoint. The three kinds of features can be depicted by
vectors with different lengths, and thus we obtain a uniform
description for a region through keypoints and their context
information.
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Fig. 4 Point-context
representation

Early fusion and late fusion are usually utilized for
feature fusion. For early fusion, we combine the three kinds
of features in a vector based on the idea that they are
relevant in spatial domain and their combination can reflect
the neighbor information in the mid-level. For late fusion,
we rank the recognition results according to the similarity
score for each feature, and combine the scores together.

3 Asymmetric region-to-image search
3.1 Building visual codebook
For visual logos in our dataset, we detect SIFT points and
extract the point-context features. To build a visual codebook, clustering methods are usually applied. We use a
hierarchical K-means method to group features and construct vocabularies. In the inverted file structure, each
image is represented by a vector of standard weighting
scheme known as tf - idf. For a visual vocabulary of
k words, each image is represented as:
Vd ¼ ðt1 ; :::; ti ; :::; tk ÞT :

ð2Þ

The product of the word frequency and the inverse
document frequency is used as the weight, which can
reflect that some unique features occur on some kind of
logos, but rarely occur on others. The weight is calculated
as follows:
ti ¼

nid
N
log
ni
nd

ð3Þ

where nid is the occurrence time of word i in the image
d. nd is the total number of words in the image d. ni is the
occurrences times of word i in the database. N is the
number of visual logos in the database.
3.2 Weakly geometric constraint
Some works [18, 29, 33] have demonstrated that the
introduction of weakly geometric constraint can effectively
discard the false matching and improve the recognition
results. In this paper, we denote the geometric constraint as
the order of the feature point along X and Y axes. Since
there is no significant rotation both in the visual logos and
the query regions, the weak geometric constraint can
achieve a better performance with efficiency to improve the
recognition results.
For two regions p and q from a visual logo and a realworld image, we denote pi and qi (i from 1 to n, n is the
number of matched feature points between two regions) as
the matched points which share the common visual word.
The geometric order in X direction of the feature points in
p is denoted as px1, ..., pxn according to their X-coordinates,
i.e., 8i; j; xi \xj ; pxi  pxj : The geometric order in Y direction
is denoted as py1, ..., pyn. Similarly, the geometric order of
the matched points in region q is denoted as qx1, ..., qxn in
X direction, qy1, ..., qyn in Y direction. If qxi is smaller than
qxi?1 and qyi is smaller than qyi?1, we think qi and qi?1 are
consistent matching for pi and pi?1, else we penalize
geometric inconsistency between p and q as follows:
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Fig. 5 Examples of geometric
constraints for regions. The left
case has the same order in
X coordinate and the right case
is inconsistent
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X order of p : 1 2 3 4
X order of q : 1 2 3 4
MX(p,q) : 0+0+0 = 0

X order of p : 1 2 3 4
X order of q : 4 2 1 3
MX(p,q) : 1+1+0 = 2

Fig. 6 Our inverted index
structure


1 X
M ðp; qÞ þ M Y ðp; qÞ
2
!
n1
n1
X
1 X
X
Y
M
ðp; qÞ þ
Mj;jþ1 ðp; qÞ
¼
2 i¼1 i;iþ1
j¼1
!
n1 
n1 
0 if qxi  qxiþ1 X
0 if qyj  qyjþ1
1 X
þ
¼
2 i¼1
1 else
1 else
j¼1

Mðp; qÞ ¼

ð4Þ
Figure 5 gives two examples of the geometric
constraints in X axis. For the left case, the matched
points have the same orders in X coordinate, so the
geometric penalty MX = 0 ? 0 ? 0 = 0, while the right
case is in the inconsistent orders, the geometric penalty is
MX = 1 ? 1 ? 0 = 2. To accelerate the recognition
process, we encode the geometric constraint into the
inverted file structure. Figure 6 shows the structure of the
inverted file. For each visual word, we assign 5 bits for the
geometric orders in X and Y direction, respectively.
Through the region-to-image search, the task of logo
recognition in the real-world image is formulated as a
region matching problem. The similarity score is calculated
as follows:
S ¼ Spc  x  M

4.1 Re-ranking with global features
To further refine the search results, we perform a re-ranking process. For each region, we pick the top n visual logos
based on similarity score searched by point-context representation and extract the global features including GIST
[22] and pyramid of histogram of oriented gradients
(PHOG) [4]. Inspired by [28], we also used the bag-ofvisual-words cluster histogram (BCH) to represent regions.
On the one hand, regions are diverse and features within
un-similar regions belong to different clusters, so the
cluster histogram is discriminative to describe a region. On
the other hand, we have extracted the point-context representation, so we can quickly obtain their cluster histograms. The details of the global feature extraction are listed
as follows:
–

–

ð5Þ

where Spc is the score obtained by point-context representation. M is the score of geometric constraint. x is the
weight to balance the two terms.
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4 Re-ranking and recognition

–

GIST: The orientation histograms are computed based
on a 4 9 4 grid, with 3 scales and 8,8,4 orientations,
respectively.
PHOG: The gradient orientations on the edges are
quantized to 20 bins (from 0° to 180°). We set the
pyramid level at 3 with 1 9 1, 2 9 2 and 4 9 4.
BCH: The point-context representations are clustered
into K words to build a visual codebook. Each region
can be described with a K dimension histogram and
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each bin is the frequency that the word iði 2 ½1; kÞ
appears in the region.
The GIST and PHOG features are measured by L2
distance, and the BCH features are measured by the logic
operation of AND in each dimension where the number of
‘‘1’’ is counted for robustness. With the global features, we
re-rank the search results using S and Sg with identical
weight as:
Sr ¼ S þ Sg

ð6Þ

5 Experiments

where Sg is the similarity of the global features.
5.1 Logo dataset
4.2 Logo recognition
Notice that all the scores are based on regions and they
cannot be used to recognize the logos of the entire image
directly. We propose two modes to obtain the final recognition score of a real-world image: max-response mode
and accumulate-response mode.
Max-response mode: we pick up the recognition result
of region with the highest score as the final recognition
result for a real-world image. The max-response model is
robust for removing false matchings of noise regions,
because these regions are usually very small with lower
scores.


FðIÞ ¼ F argmaxfi:i2Pg Sr ðiÞ
ð7Þ
where P is the region set and F is a mapping function that
indicates the recognition result of a image I or region
i. Sr(i) is the score of region i.
Accumulate-response mode: we merge the search results
for adjacent regions. The logos in a real-world image are
likely to be segmented into multiple parts, but they can be
still matched to the same logo. These parts can form a
region group. Therefore, we use the sum of the recognition
scores in each region group, where regions are matched to
the same logo, to obtain an accumulate response. We then
select the highest one among these region groups as the
final recognition result.
FðIÞ ¼ F argmaxfi:i2Gg

jij
X

!
Sr ðjÞ

ð8Þ

j¼1

where G is the set of region group, j is a region in a region
group i, |i| is the cardinal numbers of i and
8j; j 2 i; FðiÞ ¼ FðjÞ:
Through hierarchical image segmentation, point-context
model, region-to-image search and re-ranking, the approach
of logo recognition is summarized as Algorithm 1.

We evaluate the proposed approach on two datasets. One is
our collected logo dataset, the other is Flickr Logos 27
dataset. In our dataset, we crawl visual logos and realworld images containing logos from Google and some
online shopping sites, including 82 kinds of logos of different brand names. Some examples are shown in Fig. 7.
We collect approximate 10 K real-world images containing
logos and we also add some noise images. The total
number of all images is up to 200 K, which can be
downloaded at [6]. All images are in JPEG format. To
evaluate the performance of the proposed approach, the
200-K images have been annotated as the ground truth. The
Flickr Logos 27 dataset was introduced by [14] and it
covers 27 classes with 1,080 annotated images. We also
add 4K distractor logos as mentioned in [14] to simulate a
large-scale scenario.
5.2 Region segmentation results
Through our extensive observation in our experiments, it is
interesting to find that the recognition performance is better
if we choose the bounding box of each region to search.
Although this introduces some noises, the process could
greatly guarantee a complete and meaningful region and
contribute to the recognition performance. Notice that
some bounding boxes may have the overlap because their
bounding boxes are larger than the original segmented
regions. However, these overlaps are beneficial to the logo
recognition task, because clear logos may exist in multiple
bounding boxes, which will increase the probability to
correct matching. Figure 8 shows the segmented region
trees of five exemplar logo images. Note that region trees
produced by different segmentation parameters can guarantee that most logo areas can completely appear in a
region with less background in a certain segmentation
level, which provides a good premise for search-based logo
recognition.
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Fig. 7 Examples of visual
logos in our dataset

5.3 Feature comparison within point-context
representation
To evaluate the role of different features in the point-context representation, we compare the logo recognition results
with different features in our logo dataset. As shown in
Fig. 9, we find that the point-type and shape-type features
have a better performance than the patch-type feature. The
reason is that patch feature is not robust if the logo appears
in complex background. We also observed that the pointcontext representation both in early and late fusion achieved
a significant improvement than using any of the three types
of features alone. Experimental results verified whether the
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point-context representation exploits discriminability and
complementarity of different appearance descriptions and
enhances robustness in visual logo recognition.
5.4 Experimental results on our logo dataset
To evaluate the performance, we adopt the recognition
accuracy as follows.
Acc ¼

TP þ TN
PþN

ð9Þ

where TP, TN, P and N stand for the true positive, true negative, positive samples and negative samples, respectively.
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Fig. 8 Examples of region
segmentation by Jseg. a
Original images. b–d First-level
to third-level segmentation
results

(a)

Fig. 9 Recognition accuracy by point-type, shape-type and patchtype features. PC(E) is point-context with early fusion, PC(L) is
point-context with late fusion

We adopt different combination strategies on our challenging dataset to evaluate the proposed approach. As
shown in Figs. 10 and 11, ‘‘PC’’ in the legend stands for
point-context features. ‘‘E’’ stands for combining the pointcontext features in early fusion and ‘‘L’’ stands for late

(b)

(c)

(d)

Fig. 10 Comparison results on max-response mode

fusion. We combine different global features separately in
re-ranking stage. ‘‘B’’, ‘‘P’’, ‘‘G’’ represents BCH, PHOG
and GIST descriptors.
Since template matching-based methods are not suitable
for large-scale logo recognition task due to the high computation complexity, we choose bag-of-features approach
with SIFT descriptor as the baseline approach. And we also
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Table 1 Comparison results in Flickr logos 27 dataset
Baseline
(%)

Bundling (%)
[29]

msDT (%)
[14]

Our approach
(%)

40.7

48.1

51

54.3

exceeds both the Bundling method [29] and msDT [14] with
the improvement of 12.9 and 6.5 %.

6 Conclusion

Fig. 11 Comparison results on accumulate-response mode

compare our approach with bundling approach [29]. We set
the cluster number K from 1,000 to 40,000. Figures 10 and
11 show the comparison results in max-response mode and
accumulate-response mode, respectively. We can notice
that when K increases to 20,000, the performance stays
relatively steady, so we set K = 20,000 in the following.
We can see that our approach is better than the baseline
approaches and bundling approach [29] in both the modes.
The re-ranking process effectively boosts the performance
compared with using the point-context features alone. In
the re-ranking phase, the GIST descriptors fall short of our
expectation, which show that this feature is not suitable for
logos or other small object recognition, while the BCH
feature is more effective for re-ranking than GIST and
PHOG. We can also find that both the early fusion and the
late fusion method improve significantly over baseline
method and bundling approach [29] even without the reranking process. Especially we adopt the point-context
with late fusion and re-rank with BCH in max-response
mode, achieving the best performance 55.4 % compared
with the baseline approach 44.9 % when the cluster number is 20,000.
Our approach is tested on Intel Core (TM) Quad CPU
2.83 GHz. The time of segmentation process is about 2 s
and the recognition time is approximately 800 ms on
average for an image of 800 9 600 pixels.
5.5 Experimental results on Flickr logos 27 dataset
We also evaluated our proposed approach on Flickr logos 27
dataset. The Bundling approach [29] and multi-scale Delaunay triangulation (msDT) [14] are used for comparison. The
average accuracy is shown in Table 1, where our approach
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We introduced an efficient point-context representationbased region search method for logo recognition in realworld images. Through hierarchical segmentation, we
transfer the logo recognition problem to region-to-image
search problem. Based on the logo type analysis, we
effectively fuse the point, shape and patch features into a
point-context representation. The geometric constraints are
effectively encoded into the inverted files and re-ranking is
applied to refine the search results with global features.
With the extensively evaluation in public Flickr logos 27
dataset and our collected logo dataset, we demonstrate the
superior performance over the Bundling method [29] and
msDT [14]. Next step, we will extend this approach for
generic object detection and recognition.
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