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ABSTRACT 

In this paper, we adopt the integration model of spatial 
feature correlations to order the indexing and matching 
features, and address the computational ineffectiveness and 
inefficiency of local features based logo detection methods. 
We propose a Spatial InteGrated Matching Association 
algorithm (SIGMA) for logo detection in natural scene that 
contains extremely variances in viewpoints, illuminations 
and occlusions. Our SIGMA algorithm consists of two 
phases: the Spatial InteGrated (SIG) phase and the 
Matching Association (MA) phase. The SIG phase 
integrates spatial correlations in feature representation, 
while the MA phase improves the matching performance by 
ordering an optimized matching sequence. We have 
collected a logo dataset containing 2,400 photos with 12 
logo categories from Flickr, and experimental results 
demonstrate that the performance of proposed approach 
outperforms the state-of-the-art approaches on the dataset.

Index Terms—feature set matching, local feature 
presentation, spatial correlation tree, SIGMA, logo detection 

1. INTRODUCTION 

Logo refers to trademark on building, products, and signs. 
Logo category detection and recognition in images/videos 
are meaningful for content analysis and understanding [1], 
and have a broad range of applications, such as content-
based image/video advertisement and recommendation.  

Logo detection in real world environments is difficult 
for clutter, occlusions, and variations in photometric 
conditions. Existing works on logo detection can be 
generally classified into two classes: the global feature 
based method and the local feature based method. 

In the global feature based methods, logo regions are 
described and detected as an entire structure. The 
representative approaches include the contour feature based 
approach [2], the edge feature based method [3, 4] and the 
color histogram feature based method [5]. For the local 
feature based method, the logo regions are described as the 
set of local features, and detected by local features matching. 
The representative works include LogoSeeker system [6] , 
the compact bag of local features based method [7], the 
semi-automatic system base on bag of SIFT feature [8], and  
the spatial co-occurrence features mining method [9].  

The local feature based methods had achieved the best 
performance reported in literatures [6]-[9]. However, their 
high computing complexity is the main challenge. 
Obviously, the matching procedure computes each pair 
distance between the query and candidate feature sets with 
high computational cost.  

In this paper, we propose a Spatial InteGrated 
Matching Association (SIGMA) algorithm, which leverages 
the spatial correlations between features to address the 
problem of the former local feature based methods. A spatial 
correlation model is built for each logo category, and then 
the matching is optimized by ordering matching sequence 
based on spatial information. Fig.1 shows the flowchart of 
the procedure. 

Fig. 1. The flowchart for SIGMA based logo detection 
method.

The major contributions of our work are three-fold:  
We propose a novel method to detect the logo region in 
natural scenes, not only employing the local features but 
also considering their spatial relationships. 
A novel feature representation method is presented for 
describing the unordered feature set, considering spatial 
distribution of local feature points. 
We demonstrate the proposed approach can achieve better 
performance while reducing the process time. To the best 
of our knowledge, this achieves the highest accuracy in 
logo detection of natural scenes. 

2. ESTABLISHING THE SPATIAL INTEGRATED 
MODEL 

First of all, for every logo category, we establish a spatial 
integrated model (called Spatial Relationship Forest, SRF) 
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to describe its features, which combines the discriminability 
of every feature and the spatial distribution of local feature 
points in training samples. The goal of establishing the 
spatial integrated model is to transform the unordered local 
feature set to a hierarchical and ordered structure. We call 
this part as Spatial InteGrated phase (SIG phase). 

2.1 Preprocess  

We first detect the interesting points and extract the SIFT 
features of them in each logo region labeled in training set 
with the method in [10], and then we quantize SIFT features 
using the k-means to facilitate afterward matching by 
eliminating noises or outliers caused by feature extraction 
and presentation. Based on the spatial distribution of the 
interesting points in the logo region, we employ k-means 
method to cluster the points and divide the logo region to 
several sub regions (the number of clustering is empirical 
set). We build the Spatial Relationship Tree (SRT) using the 
features in each sub region. The all SRTs consist of the SRF. 

2.2 Select Discriminative Feature Points 

We select the most discriminative feature point in the subset 
as the root of the SRT. We evaluate the discriminability of 
every feature point, which is achieved by measuring 
difference and discriminability between positive feature sets 
extracted from positive samples and negative feature sets 
from negative samples as follows. 

We define a weight wi to describe the discriminability 
of feature i in the set, as following 
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where ni and na are the number of feature i appearance in the 
positive feature set and in the total feature set, di is the 
distance between point i and spatial centroid of the subset 
(to keep the balance of SRT), mi is the number of positive 
samples including feature i, and ma is the total number of 
samples in total sample set. 

Equation 1 shows that the weight wi is relevant to ratios 
of ni to na, and mi to ma. If feature i appears in feature set of 
positive samples and not in feature set of negative samples, 
the wi will be set a higher value. Meanwhile, between the 
positive and negative samples, if there are more positive 
samples including feature i, wi will be higher. 

2.3 Establishing the SRF of Spatial Integrated Model 

In this section, we build the SRT based on spatial 
correlation in each subset of interesting point features, and 
all SRTs construct SRF for the corresponding logo category. 
The SRTs are used to avoid the mismatch caused by feature 
missing and ensure our robustness in noise data environment, 
since the other SRTs are still correctly matched when a SRT 
is mismatch. 

We use Equation 1 to calculate and select the most 
discriminative feature point pr as the root of the SRT. Then, 
we find the feature points in the neighborhood of pr, and add 
the feature points to the tree as the first level nodes. To 
ensure uniform representation in different resolutions or 
scales, the size of neighborhood is proportional to the spatial 
density of feature points in the subset, which can be simply 
achieved by fix-scale neighborhood point counting.  

Similarly, we adopt the same strategy to recursively get 
the next-level children in its parents’ neighbors, and add the 
other level child-node/leaves onto the tree, until all points 
are added to the tree (As shown Fig. 2).  

Fig. 2. The procedure of building the SRF in SIGMA 
algorithm: the SIFT features are extracted from the labeled 
logo region, and then the features are quantized and divided 
to different sub set (the same color ellipses indicate the same 
value by quantizing); the most discriminative points are 
selected and set as the roots of SRTs. The resulting SRF 
consists of SRTs of every sub region. 

3. DETECTING THE LOGO REGION WITH 
MATCHING ASSOCIATION 

With the spatial correlation of detected feature points, the 
SRF is used to match the feature points in the query image, 
and this part is called Matching Association phase (MA 
phase). 

3.1. Preprocess 

We detect the interesting points and extract the SIFT 
features in the query image, and then quantize the features 
using the parameters of k-means in SIG phase. The logo 
detection procedure becomes a process of matching between 
the SRF and the query feature set. 

3.2. Matching Association based on SRF 

In order to describe the matching score of node i, we define 
a confidence Ci based on the similarities of its children,

1
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where CSi is the child node set of i, q is the child node in CSi,
n is the number of elements in CSi, and wq is the similar 
weight between q and matched feature point in the query 
feature set and defined as ( , )q q k mw T dis n n , in which 
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dis(nk, nm) is the L2 distance between nk and nm feature 
vectors, nk is the kth node in SRT, nm is the matched point 
with nk (if no node is matched, the wq is 0), and Tm is the 
matching threshold. In matching procedure, when the 
distance dis(nk, nm) is less than Tm , the point nm is set as 
matched point of nk .  

We define the following measurement to compute the 
similarity between SRF of logo t and the matched subset MS
in query image feature set: 

( , ) i
i MS

sim t MS C ,                              (3) 

where Ci is the confidence of point i (if i is matched by the 
leaf, the Ci is assigned by wi).

Next, we calculate the distance between every SRF and 
the feature set of query image, and output the category of 
highest similarity and the matched points.  

Above definitions are employed in Algorithm 1, which 
presents the SRF-based matching association part. Two key 
phases are presented to keep the high performance and 
reduce the computational time: (1) Match structured points. 
The search of feature points needn’t go through all points, 
but only compares the feature points in the neighborhood of 
matched points. (2) Modify matching results. The matching 
scores of children are used to modify the score of their 
parent. For example, the point will be removed as mismatch 
when all its children points are mismatched. 

Algorithm 1: Matching Association based on Spatial 
Integrated Model in SIGMA Method. 
Input: Query image with the feature set S, the SRF(k SRTs) of 
logo t, the confidence threshold T, the size of neighborhood, the 
matching threshold Tm

1 Find the matched point of the root of every SRT in the query 
feature set S, using L2 distance (less than Tm) of feature points. 
If some points have same nearest distance, the points are 
reserved for next step. 

2 For ith SRT from 1 to k{
For every level l of ith SRT{ 

Match the l level children nodes in every l-1 level 
matched points’ neighborhood in S;
Compute the confidence Ci of every l-1 level matched 
points by Equation 2;  
Modify:If Ci < T, remove the matched point i in l-1
level; 

}
}

3 Compute the similarity sim between the object t and matched 
points by Equation 3. 

Output: The matched points in query image, the similarity sim.

3.3. Locating the Logo Regions 

We get the similarity and matched interesting points for 
each logo category in Algorithm 1. We locate the smallest 
rectangle including all matched points as the detected region 

for each logo category. Every detected region has a 
matching similarity to the SRF. If the detected regions of 
different logos are overlapped in a query image, we label 
this region by the logo category with the high matching 
similarity (obtained from Algorithm 1). 

4. EXPRIMENT RESULTS 

4.1. Database and Evaluation  

Datasets: We evaluate the SIGMA method in logo detection 
on the natural scene dataset, which consists of 2,400 images 
collected from the Flickr [11], containing 12 logo categories: 
Starbucks, McDonald’s, KFC, Coca-Cola, Nike, Reebok,
BMW, Volkswagen, Mercedes-Benz, Windows, IBM and
Apple brands. These logos fall over diverse 
objects/locations with different photography appearances, 
for instance on products, buildings or signs, and are taken on 
indoor/outdoor, day/night. We have manually pre-labeled 
each logo with a bounding box as ground truth. We 
randomly select 80 images from every logo category as the 
training set, while settling the rest as the testing set. 
Evaluation Criteria: We define the measurement 

1, / 0.8 / 0.8
( , , )

0, .
if o g and o d

d g o
else

, where d, g, and 

o are the number of pixels in detected region, ground truth 
region, and overlapping region. Based on ( , , )d g o to judge 
whether a certain logo is detected, we further use precision 
and recall to evaluate the performance of the logo detection 
system. Precision (p), recall (r) and overall performance (f)

are defined as 2, ,c c r p
p r f

N M r p
, where c, N, and 

M are the number of correct detected regions, all detected 
regions and logo appearances. 
Baseline Methods: We evaluate proposed SIGMA 
algorithm with three approaches, including: (1) spatial 
pyramid mining method [9], (2) LogoSeeker [6], and (3) 
baseline method: the simple set matching method (Similarly 
with [10], the SIFT feature set of the logo region is used as 
template, and the matched points between the template and 
the test SIFT feature set are clustered and the densest cluster 
is retained. The smallest rectangle including the all retained 
points is used as the detected logo region). 

4.2. Experimental Results 

Figure 3 shows the precision & recall curves of logo 
detection on our database. It shows that our proposed 
approach outperforms all three methods in all precision and 
recall settlements. This is due to the contribution of spatial 
relationship in refining matching. While the method in [6] 
also employs RANSAC to achieve spatial association, our 
SIGMA algorithm still shows more promising effectiveness 
in the usage of matching association strategy. 
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We also show the efficiency comparison results in 
Table 1. The results are measured in personal PC with CPU 
PIV 3.0 and RAM 1G. The speed is the average processing 
time (second) of each image in detecting phase, in which we 
adjust each method to achieve its best performance. As in 
Table 1, the speed of the proposed method is over 25% than 
others, while improving 11% in precision and 13% in recall. 
This thanks to the deployment of SRF based matching 
association strategy with the features spatial structure. 

Table 1. Comparisons with other methods. 
Methods r p f speed(#second / image)
Our method 0.64 0.76 0.69 3.0905 
Spatial Pyramid 0.51 0.65 0.57 3.8365 
LogoSeeker 0.50 0.53 0.51 16.829 
Baseline 0.40 0.49 0.44 16.008 

Figure 4 shows logo detection results of our approach, 
and Figure 5 shows the detection results of different 
methods (Left to right: the proposed method, spatial 
pyramid, LogoSeeker and baseline method.). From the 
results, it demonstrates that the proposed approach is robust 
to handle clutter, occlusions, and variations in diverse 
photometric conditions.  

5. CONCLUSIONS 

In this paper, we have presented a Spatial InteGrated 
Matching Association method (SIGMA) to detect logo 
regions. By employing spatial constraints to present and 
match the unordered feature set with a tree structure, we 
have shown excellent performances over all state-of-the-art 
approaches in logo detection with large margins. In our 
future work, we would further integrate our SIGMA 
algorithm for more application scenarios such as object 
recognition and retrieval. Also, we are interested in 
deploying our SIGMA algorithm into video even detections, 
in which the sequential information would be further 
integrated into our SIG model building as well as guiding 
the optimized matching sequence in our MA procedure. 
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Fig. 3. Precision and Recall curves of different method.

Fig. 4. Detection results of proposed approach. 

Fig. 5. The detection results comparisons.
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