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ABSTRACT. The existing single feature based methods cannot effectively retrieve
trademark images. Therefore, in this paper, we propose a novel trademark im-
age retrieval algorithm making use of fused features to solve the problem, which
combines shape features, improved SIFT features, and color features. Our idea is
to first extract the local shape features of the input trademark image, and then
use the improved SIFT algorithm to detect local key features. After that, the
dominant color descriptor is utilized to describe the global color features of the
input image. Based on the above extracted different sorts of features, a fused
feature vector with different weights describing the overall information of the
input trademark image is derived. Finally, the cosine distance is employed to
compute the similarity between the searched trademark and the databases. To
evaluate the performance of the proposed algorithm, we have conducted a set of
query experiments on a data set containing more than 12K trademark images.
Experimental results show that the proposed method has great performance in
trademark image retrieval with good robustness, and is significantly better than
the latest algorithms in query accuracy and efficiency. It also has practical value
in the area of well-known trademark detection and trademark copyright protec-
tion.

1. INTRODUCTION

With the rapid development of information technology and the diversification of
information expression methods, as a kind of rich and intuitive form of multimedia
information, image has become more and more popular in daily life. Correspond-
ingly, a large number of image databases have emerged and the number of images
is sharply increasing. So it also become more difficult for people to search specific
images which meeting their personal demands and preferences from the massive
image databases. Traditional keyword based retrieval [1, 2] methods and manual
classification of images are far from meeting the practical requirements for image
search. Therefore, how to accurately and quickly find the desired images in large
volume images has become one of the research hotspots in information retrieval
field.
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To solve the problem, researchers have proposed various search schemes, one
famous of them is content based image retrieval (CBIR) [3], as CBIR provides an
intuitive and effective way. So CBIR has been extensively used in many fields,
especially, trademark image retrieval [4, 5] has a significant practical application as
a subset of CBIR [6, 7, 8]. In addition, in recent years, deep learning technology
has also been used for the task of trademark images, and it is also very powerful in
terms of retrieval performance. For example, Lan et al. [9], combined the Metric
Convolutional Neural Network (CNN) and traditional manual features to retrieve
trademark images. However, CNN require a large quantity of data for training in
the process of realizing retrieval tasks. Generally speaking, the traditional manual
features are more suitable for trademark images, since the trademark images are
relatively scarce. Secondly, the features of trademark images are very clear, and
improvements on the basis of traditional feature extraction algorithms are sufficient
to achieve retrieval effects.

According to the characteristics of the trademark image itself and comparing it
with other types of images, we know that the factors that determine the character-
istics of a trademark image mainly include shape characteristics [10, 11] and color
characteristics [12], and also scale variations [13, 14]. Accordingly the trademark
image retrieval completed by single feature is not accurate enough, so we use fused
features combining shape features, improved SIFT features with scale invariance,
color features to handle this problem.

The proposed algorithm first use the PHOG algorithm [15, 16] to extract the
shape features of the trademark image. Then, the improved SIFT algorithm is used
to extract the local feature points of the trademark image. Finally, a dominant
color descriptor is introduced to extract global color features. At the end, these
features are fused with different weights, and normalized to obtain the last feature
vector. Also, in order to accurately measure the performance of the algorithm,
we introduced several metrics to measure the performance of the proposed method
17, 18, 19, 20).

The rest of this paper is organized as follows. In section 2, The existing literatures
on trademark retrieval are presented. In Section 3 we first give the algorithm
flowchart of this paper, and then introduce the feature extraction and retrieval
algorithms separately. Followed that in Section 4 we give evaluation metrics and
experimental results. Finally, this paper is summarized in Section 5.

2. RELATED WORK

Before the process of trademark image retrieval, we simply review some related
researches. Phan et al. [21] designed a retrieval scheme utilizing color edge gradient
co-occurrence histograms. This scheme expands the color edge-related histogram
object detection strategy, and can effectively search for trademarks with different
colors. Because it only counts the color information, it does not consider other
characteristics of the trademark, so it has a poor search effect for trademarks with
similar colors or different shapes. Wei et al. [22] used synthetic features to describe
the overall shape and internal structure for trademark retrieval. The method first
extracts edges using a Canny edge detector and then normalizes the shape. Al-
though the global shape features and local features are grasped, the color features
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are ignored, and trademark images with similar shapes but different color contents
cannot be distinguished well. Biswas et al. [23] proposed a way to decompose im-
age shape features into simple joint points, and establish distributed features for the
shape to achieve the extraction effect. Although this method is easy to calculate
the shape feature of the image, it still ignores the color, an important feature of the
trademark. Some other cases about matching trademark image similarity through
shape features, such as Ye et al. [24] proposed a hierarchical normalized descriptor
(HV) for shape features. Anuar et al. [25] used a combination of global descriptors
and local descriptors, which means to combine Zernike moments and edge gradient
co-occurrence matrix, to improve retrieval performance. And the machine learning
algorithm proposed by Trappey et al. [26] automatically detects the shape informa-
tion of the text in the trademark image. Tripathi et al. [27] developed a trademark
retrieval algorithm based on HSV correlation and SIFT operator. By combining
shape features and introducing scale-invariant feature transform (SIFT) to repre-
sent image features, it is possible to effectively identify various changing images.
However, the traditional SIFT method mainly relies on the gradient direction of
the pixels in the local area in the process of calculating the main direction of the
feature. It can be seen that some existing trademark image retrieval methods have
certain defects in some aspects.

We use PHOG to extract the shape features of the trademark images, because
compared with traditional methods such as wavelet modulus maxima algorithm
[28], edge density histogram [29], and HOG, although PHOG does not have good
rotation invariance, it is suitable for trademark retrieval. Some scholars used it
for face detection, because facial images are generally upward, and there are few
scale changes, and trademark images have similar situations. Moreover, PHOG can
not only describe the global shape and local details of the image, but also reflect
the spatial information of the images, which is very important for the retrieval of
trademark images. In general, when extracting local features of the images, the
effects of translation, rotation and zoom on the images should also be considered.
Some traditional algorithms such as vector gradient calculation method, PCA-based
gradient reduction algorithm, and color space model preprocessed color gradient
algorithms. All these methods are affected by the rotation, translation, and scaling
of the images, and the number of feature vectors is too large. To this end, inspired
by Lowes SITF algorithm, we adopted it as improved SIFT algorithm through
modified it from 128 to 64 dimensions, thereby reducing the time complexity. With
respect to color feature extraction, we employed the dominant color descriptor, the
primary color descriptor (DCD), which has a lot of application [30]. It has two
main components, one is the representative color and the other is the percentage of
each color. The algorithm is considered as the most suitable color feature extraction
method.

Based on the previous results of image retrieval research, the fused feature vec-
tor of a trademark image is obtained, with adjusted weights of different features.
Utilizing the fused feature vector representation of trademark images, we can fur-
ther retrieve different types of trademark images. The advantages of the proposed
method are proved through comparing the methods only using color feature, or
using only shape feature, or using fused shape and color feature.
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3. ALGORITHM AND METHODOLOGY

Recent studies have shown that in the process of extracting trademark image fea-
tures, the methods of feature extraction determine the final accuracy of trademark
image retrieval. However, different algorithms to extract features have different
limitations in terms of calculation volume, complexity, and stability, which leads to
a low efficiency of image retrieval. In particular, SIFT features have some short-
comings especially in the calculation complexity. So we have made corresponding
improvements to these methods, aiming to improve retrieval accuracy and efficiency.

In this section, we describe the algorithm and processing steps which were used
in the proposed retrieval method and illustrate the algorithm with a flowchart, as
is shown in Fig. 1.

Enter the trademark
image

L
| Image preprocessing |

Shape Improved Color
PHOG [ feature SIFT features feature DCD

T~

| Fused feature vector |

)

| Calculate similarity |
Retrieval results

FiG. 1. Flowchart of trademark image retrieval method proposed in
this article.

3.1. Image Preprocessing. The purpose of image preprocessing is to remove in-
terference factors in the images and retain useful information. The reliability of
preprocessing can improve feature point detection, feature point positioning, and
feature matching. Whether this stage is handled properly is related to the sub-
sequent work smooth or not. Therefore, image preprocessing is the pioneer of the
whole system and the prerequisite for ensuring subsequent work. The pre-processing
process generally has steps such as image size scaling, noise reduction, etc. Gener-
ally, the length and width ratio of a trademark image is 1, and it follows a normal
distribution within 100 to 300 pixels, so the length and width of the trademark
image are set to 256 x 256 pixels.

In the process of image data collection, noise is often accompanied by the appear-
ance of noise, which will affects the image itself and hinder the accurate extraction
of image features. Therefore, we have to reduce the noise of the image. Some of
the existing noise reduction methods are more representative. For example, schol-
ars such as Simi et al. [31] and Kuppusamy et al. [32] used Beltrami filters and
improved non-local mean (NLM) filters to reduce the noise of nuclear magnetic res-
onance images. Joseph et al. [33] used bilateral filters to denoise medical images.
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These methods have produced good results in the process of denoising. For trade-
mark images, however, since the quality of the image itself is already very good, in
the process of noise reduction, simple preprocessing is enough. Traditional filtering
algorithms like median filtering are sufficient to eliminate noise in trademark im-
ages. In this article, we used a two-dimensional median filter to improve the quality
of trademark images.

3.2. Extraction of PHOG Features. The traditional HOG [34] can accurately
represent the edge structure of the target image with the spatial distribution of
the given image in terms of shape feature extraction, but it does not consider the
impact of image division on different spatial scales on retrieval performance. The
PHOG shape feature extraction algorithm is improved on the basis of the original
extraction method of HOG feature. By using the PHOG feature, the detection
time is reduced, and at the same time the ability which is used to describe shape
features is to be strengthened, meantime the difference between the background and
the target is also increased.

In the PHOG feature extraction process of the trademark image, we first calculate
the gradient information of each pixel in the image. Then divide the image into
multiple cell regions, and use a gradient histogram with 9 directions to count the
gradient magnitude of the pixels in each cell, so as to generate a feature descriptor
for each cell, and adjust the histogram of the direction gradient of each cell to get
the PHOG features. Adjust according to Equation (3.1) and Equation (3.2) to
increase the overall contrast of the gradient histogram of the cell to enhance PHOG
features, as shown in Fig. 2. Finally, combine multiple cells into a block area, and
then connect the descriptors of the cells in the block area in series to generate the
descriptor of the block area,

b

) {algs(x,y), 9s = 9s(2,y)

(3'1) 9s,Avg =

(32) ans(xa y)v s < gs (‘7:7 y)

where g;(z,y) is the gradient magnitude of the point (x,y) in the cell which belongs
to the block s, and gs ayg(z,y) denotes its average gradient magnitude. Here b is
the number of pixels in the cell, a; and as are adjustment coefficients respectively,
requiring a; > ag, and a3 > 1, as > 0. When a; > a9, the gradient whose
value is greater than the average value will be increased by a; proportion, and the
pixel gradient whose gradient value is less than the average value will be reduced
by as proportion. After adjusting the gradient amplitude above, each variance of
the cell histogram makes the differences in the cell more prominent. The feature
enhancement process is shown in Fig. 2.

In terms of the principle of the above PHOG algorithm, we extract the shape
features of a trademark image. First we divide the image into N local areas called
“blocks”, and then continue dividing each area into smaller spatial areas called
“units”, following that extract the PHOG features from the local area of 16 x 16
pixels and calculate a direction gradient histogram with 9 directions at a 4 x 4 local
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Fia. 2. Illustration of the feature enhancement process.

unit. Next we further divide the gradient direction range into k bins, express the
value of k bins as ¢y (z,y) in Equation (3.3), where G(x,y) represents the gradient
value of a point (x,y) on the image, and finally combine the gradient amplitude
Equation (3.4) to get the characteristic value of PHOG feature .

; —17Gz(2y) :
G(z,y), iftan [m} € bin(k)

(3.3) or(z,y) = {

0, otherwise

Z(m,y)ec (z)k(x? y)
Z(x,y)GB G($7 y)

3.3. Improved SIFT Algorithms. The SIFT algorithm firstly performs feature
detection on the scale space, determines the position and scale of the key points.
Then it uses the main direction of the key point neighbors as the directional feature
of the point, to realize the independence of the operator from the scale and direction,
and establish the description feature vector, the matching of the feature vector,
etc. SIFT has an unparalleled advantage in the invariant feature extraction of
images [35]. However, when SIFT extracts feature points, the dimension of feature
descriptors make the number of feature vector too much, so we improve it through
changing the original dimensions from 128 to 64, which can effectively reduce the
time complexity.

For the feature point P, as shown in Fig. 3(a), in the scale space in which it
is located, the 16 x 16 neighbors centered on P are selected, each small square
represents a pixel, and then the 16 x 16 pixels are merged into 4 x 4 sub-regions, as
shown in Fig. 3(b). For each sub-area, the cumulative histogram of its 16 pixels in
the 8 gradient directions is calculated, as shown in Fig. 3(c). The final feature point
produces a total of 128 sets of data, which is the 128-dimensional feature vector of
the SIFT feature descriptor. We replace the square area of SIFT with a circular
area. Since the circular area has rotation invariance, it can save the calculation of
the main direction in SIF'T, reduce the time complexity. We take the number of
rings r = 8, where r sub-rings have 8 x r elements, so there are 8 x 8 elements in
total, as shown in Fig. 3(d).

We use the improved SIFT algorithm to extract the local feature points of the
trademark image, and obtain a feature histogram describing the image through
BOW model.

(3.4) (C,B,k) =

3.4. Dominant Color Descriptor. The dominant color descriptor (DCD) is a
descriptor for image color features defined in MPEG-7 [36]. It gives a more efficient
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@ ).

Fi1a. 3. Schematic diagram of descriptor structure based on im-
proved SIFT feature.

and compact description of the color distribution for an image, and stores only the
most important color information with a small amount of memory. In the process
of color feature extraction for an image, generally the RGB color space is selected.
However, for the true color image, there are many types of colors in RGB space.
In order to improve the color quantization robustness of the trademark images, we
use the LAB [37] color quantization model. The quantization effect is illustrated
in Fig. 4. It can be seen that the color information presented after quantization is
more robust and in line with human perception.

F1a. 4. Comparison of two color quantization effects. (a) represents
the original example logo image, (b) represents quantization results
using LAB method.

In DCD model, colors are quantized into eight dominant color descriptors M
according to the human color perception. So the image can be redefined to satisfy
the DCD description as follows.

(35) M:{(ai,bi),i:1,...,N,N<8}

where, a; represents the number of dominant colors, and b; represents the percentage
of dominant colors. Because the percentage of dominant colors is not only affected
by their number, but also by the number of other non-dominant colors. Therefore,
in order to eliminate the interference of other colors on the dominant color, it is
also necessary to use a normalization method to calculate the value of the dominant
color’s proportion b; in set B.

by by
b N b

The following set E is the feature expression used when extracting dominant color
features.

(3.6) B = L{i=1,...,N}

1
(3.7) E={(ai,b),i=1,...,N,N <8}, > b=1
N
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We use the dominant color descriptor to represent features from different col-
or regions of the image in Fig. 4(b), and the results are shown in Fig. 5. Where
(a) represents the regional characteristics of the dominant color of red, (b) repre-
sents the regional characteristics of the dominant color of yellow, (c) represents the
regional characteristics of the dominant color of blue, (d) represents the regional
characteristics of the dominant color of white.

(a)

Fi1G. 5. Dominant color descriptor to extract features of different
color regions.

(®

3.5. Feature Fusion. Multi-feature fusion is the process of combining two or more
feature vectors into a single feature vector. These feature attributes have a certain
complementarity. Here, we adopt a more ideal feature level fusion method to inte-
grate multiple features of the trademark image. By adjusting the proportion of each
feature’s weight, feature vectors capable of expressing image information are organ-
ically combined to comprehensively describe the features of the image. In terms of
time complexity calculation, it is mainly used for feature extraction. The feature
level fusion method will not increase the time complexity due to the dimensionality
of the feature vector. The specific implementation steps are narrated as follows.

First, the combination of weight values is set as w = [w;, wij, wiji], where w; = 1/1,
represents the initial value of each feature in feature vector of an image, here I
represents the total number of features. And based w;, w;; is proposed to represent
the adjusted weight values according to the similarities of each feature in retrieval
experiments, and the initial w;; = 1/J;, J; indicates the dimension of feature f;.
wijk = 1/K;; is obtained through further subdividing the weight intervals and Kj;
is acquired through the retrieval experiments. In these experiments first record M
related images in the returned image set for each feature, and then calculate the
K;;, the standard deviation of the K column of the matrix M x K which consisted
of eigenvectors of M.

Next we normalize the shape feature, improved SIFT feature and color feature
of the trademark image. After that, under the distribution of different weight
values, similarity detection is performed on these three features, and the weight
corresponding to the highest point of similarity is found. Finally, according to
the weight under the corresponding different features, the fusion is carried out by
weighted average. The feature vector of the image is lastly represent as follows.

w1V +wa Vi + w3V,
w1 + wo + ws
where V is the fused feature vector, ; represents the weights, and V; represents the

feature vector of the three different features. According to our repeated experiments
on various features of the trademark image, a more appropriate weight coefficient

(3.8) V=
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is obtained, in which shape feature occupies 0.46, improved SIFT feature occupies
0.32, and color feature occupy 0.22. According to the fused feature vector, the
similarity between two different trademark images is obtained.

4. EXPERIMENTS

In this section, we first describe the collected trademark dataset, and then give
several methods for evaluating the performance of the algorithm in this paper. By
setting up comparative experiments, the multi-feature fusion trademark image re-
trieval algorithm proposed is compared with the existing single feature based and
dual features based retrieval algorithms. Experimental results proved the superior-
ity and reliability of the proposed algorithm.

4.1. Datasets. For the trademark image datasets used in our experiments, a part
of images came from Trademark Office of the State Intellectual Property Office, and
a part of were acquired from some websites, like Fickr, mainly means FlickrLogos-
32. Among them, the FlickrLogos-32 trademark image data set is divided into 32
types of trademark images, containing a total of 8,240 images, all of which have a
relatively flat surface. This dataset is currently very popular in the task of searching
trademark images. The collected trademark image dataset includes various types of
trademarks such as school emblems, sporting goods, automobile brands, and cloth-
ing brands. In order to fully illustrate the reliability of the algorithm in this paper,
we have also added some non-trademark images to the dataset, and performed a
retrieval experiment on the trademark images on a total of more than 12K dataset.
Fig. 6 shows some examples of the dataset.

Mobile
phone logo

Car logo

Clothes
logo

National
flag

School
logo

Other
logo

Fi1G. 6. Some examples of trademark images in our datasets.

4.2. Evaluation Metrics. In order to verify the reliability and advantages of this
algorithm for trademark image retrieval, we used several widely used metrics to
evaluate the performance of trademark retrieval experiments. They are Precision
Recall Plot (PR), mean Average Precision (mAP), and Discounted Cumulative Gain
(DCG). First, precision recall plot (PR), therein the recall rate, refers to the ratio of
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the number of valid images in the search results to the total number of valid images
in the image library. The higher the recall rate, the fewer images in the image library
that are related to the image to be searched but have not been detected. Accuracy,
also called retrieval accuracy, is the ratio of the total number of valid images in the
query results to the total number of images returned. Precision (usually abbreviated
to P), and Recall (usually abbreviated to R), are defined as follows.

T
4.1 ) R p—
(4.1) T+ F,
T
4.2 __tr
(4.2) T T

The mean Average Precision (mAP) is a popular single number metric used to
measure the performance in the task of information retrieval and object detection.
It is the mean value on the basis of Average Precision (AP) representing the average
of all precisions at all ranks where relevant searched objects found. The mAP can
be computedas follow.

1
4.3 mAP = _—— S AP
(4.3) |QR’q§R (q)

where q means a query, Qi denotes the whole image set and |Qg| represents the
number of the whole image set.

DCG evaluates the retrieval performance based on the position of the image
retrieval results in the returned list. Images with a high degree of relevance appear
at the front of the returned image list than those at the back of the ranked list. The
DCG value at a particular position p in the returned image list can be computer as
follows.

rely

p
4.4 =
(4.4) DCG, = rel; + 22: o, i

where rel; represents the query relevance score for the searched i-th image in re-
turned result list.

4.3. Experiment Results and Comparisons. In order to comprehensively eval-
uate the performance of the retrieval scheme in this article, and to the retrieval
results are more clear, we choose four representative retrieval algorithms, an alpha-
betic contour-based descriptor for shape-based image retrieval [17], here abbreviated
as (DP), image retrieval using color and texture fused features [18], here abbreviated
as (HSV). Retrieval of trademark images based on the combination of SIFT and col-
or features [19], here abbreviated as (SCF), as well as the method using shape and
key local color features [20], here abbreviated as (WMM+LCH), for comparative
experiments. By comparing the search results, we can clearly see the accuracy of
the algorithm in this paper and other search methods. As for retrieval complexity,
we also give the corresponding time used respectively with statistical data. First, a
comparative experiment is performed with the DP [17] that uses only shape features
to retrieve images. We chose the BMW logo as the trademark for the query, and
compared the first 4 images found. As shown in Fig. 7.
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(c) Experimental results based on proposed algorithm. «

Fia. 7. The comparative experimental results obtained by the pro-
posed method and the retrieval algorithm DP [17].

DP uses an alphabetic contour-based descriptor method to describe the shape
features of the image, and by using dynamic programming to find the best similar
segment of the shape sequence of the two images. It can be seen from the retrieval
results that in the search results returned by DP, there is an unwanted trademark.
Although this trademark and the given query are both circular in the outer shape,
their colors are quite different. The DP method is a little hard to balance the weight
of the shape feature and the color feature when extracting the features, resulting in
retrieval errors due to different colors. According to the mAP metric, obtained by
the DP algorithm is 0.687, and the mAP value obtained by the proposed algorithm
is approximately 0.88. It can be seen that the trademark retrieval method proposed
in this article can extract the shape and color features more accurately.

The following comparative experiment was conducted using HSV [18]. We select
the NIKE trademark as the query image, the test results are shown in Fig. 8.

In HSV algorithm, the quantized HSV color space model is utilized to extract
features in the form of color histogram, and then the global color histogram and
the local color histogram are compared to obtain the feature vector describing the
color information of the image. From the results of the retrieval, it can be seen that
the third and fourth images retrieved in Fig. 8(b) are obviously not the trademark
images we need. The reason is that the trademark is searched only by the proportion
of color features in the image, which largely ignores the main feature of shape. As
long as the proportion of a certain color proportion is large enough, it is considered
the same trademark image, which is obviously incorrect. Similarly, according to
the mAP performance evaluation standard, we can calculate that the mAP value
with the method in the literature [18] is only 0.55, which is quite different from the
retrieval result in the ideal state.

Next, we conducted a comparative experiment by employing SCF (SIFT and color
features) in [18]. We select the KFC trademark with irregular shape characteristics
as the image to be retrieved, and the experimental results obtained are shown in
Fig. 9.



12 YUHUA LI, XU HAN, HUI LIANG, PU LI, XIAYANG SHI, AND JIAN CHANG

-e

(a) Query image«

(b) Retrieval results based on HSV color space quantization«

o 5
0 50 B so
50 200 150 200 250 2 S0 300 13

50 200 250 0 so 100 150 200 250 0 S0 100 150 200 250
(c) Experimental results based on proposed algorithm. «

Fia. 8. The comparative experimental results obtained by the pro-
posed method and the retrieval algorithm in [18].
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F1G. 9. The comparative experimental results obtained by the pro-
posed method and the retrieval algorithm in [19].

For the KFC trademark image, we compared the retrieval algorithm in this article
with the SCF algorithm. It can be seen that in Fig. 9(b), although the latter two
images remain highly similar to the original image in terms of SCF (SIFT and color
features), the results were not satisfied, due to the mismatch results. This is because
the local shape features are not fully extracted, and the SIFT and color features
occupy most of the proportion.

Finally, a comparative experiment was conducted using WMM+LCH in [20]. We
chose the trademark with the zoom ratio as the query mark, and the test result is
shown in Fig. 10.

In [20], Wavelet Modulus Maxima (WMM) is used to extract the shape features of
the image, and the Local Cumulative Histogram (LCH) is used to describe the shape
features of the image. Then the shape and color features are combined according to a
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Fia. 10. The comparative experimental results obtained by the pro-
posed method and the retrieval algorithm in [20].

certain weight to obtain a feature vector describing the overall characteristics of the
image. By comparing the obtained search results, we can find that the fourth image
retrieved in Fig. 10(b) is obviously not the trademark image we need. Although it
is very similar in shape and color to the query image, when the trademark image
undergoes changes in spatial position such as rotation, translation, etc., the retrieval
error of the algorithm in [20] will occur. In this paper, SIFT features are further
added on the basis of shape and color features, and SIFT algorithm is improved.
We replace the square area of SIFT with a circular area. Because the circular area
has rotation invariance, the global features are not affected by the local features.
According to the DCG evaluation criteria, we can see that in the retrieved images,
the images ranked at positions 1 and 2 have reached great similarity, and at position
3, the similarity obtained by the retrieval method in this paper is significantly
higher than the similarity obtained the method combination of WMM and LCH,
the corresponding DCG value is larger. And the mAP value obtained is also higher
than the method WMM+LCH’s 0.750.

The above are three representative comparative experiments that we have select-
ed. It can be seen that the proposed algorithm has achieved ideal results according
to retrieval accuracy and efficiency. In order to further test the performance of the
algorithm in this paper, we also made the Precision-Recall plot of each algorithm
as shown in Fig. 11.

According to Fig. 11, it can be seen that the proposed algorithm taking into
account the shape, SIFT and color characteristics of the trademark at the same
time, achieved great retrieval results. Also, after a series of retrieval experiments,
we can obtained the weight coefficients of each feature, which can be used to fuse
the these features. The results of the experiments clearly demonstrated the retrieval
performance of the proposed method in retrieving trademark images. Moreover, it
also showed the existing methods for trademark retrieval through single or dual
features still have certain limitations.
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Fia. 11. P-R plot comparisons of the proposed algorithm with oth-
ers in performance.

5. CONCLUSION

Trademark image retrieval has an important application as a subset of CBIR. So
in this paper, a trademark image retrieval algorithm is presented, which based on
the way of multiple features fusion. The algorithm first utilizes PHOG to represent
the shape feature of target images, and then an improved SIFT method is utilized to
describe the internal details of them. Lastly, the dominant color descriptor is used
to describe the global color features of the input images. By extracting the shape,
SITF, color features of the trademark images and setting different weights, the three
features are totally fused together. In this research, we demonstrate the benefits
of the proposed algorithm in respect of the latest methods through comparing the
experimental results and performance. It is noted that our method has not only
great performance, but also good efficiency in the real retrieval experiments for
trademark retrieval.
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