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ABSTRACT 

Event recognition on images plays important role in the context of events search and review, archiving and 

storage of photos, advertising, media. Paper presents a classification system based on texture features (Multi-Level 

Histogram of Color Multi-Scale Local Binary Pattern and Local Derivative Pattern) and support vector machine (SVM). 

For classification process authors use several SVM classifiers and compare their results. Three classifiers are tested: 

"Liblinear", "LibSVM", "Pagasos". Training and test samples are taken from "MediaEval 2013" set of annotating images. 

The result precision of event recognition varies from 66.75% to 93.75% and the best classifier in terms of AUC metric is 

"Liblinear" with local binary pattern. Developed image classification system can be used in many applications, for example 

in internet services, robotics, automated control systems of technological processes where image scenes should be 

recognized. 
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1. INTRODUCTION 

In recent years, and mainly due to the 

pervasiveness of digital cameras and camera-phones and 

rapid development of the sharing platforms (social 

networks, online albums, etc), there has been an 

exponential increase in creation, storage and sharing of 

multimedia data (text, audio, video and photos).  

Personal photo collections have also been 

increasing rapidly in recent times. In contrast to the Web. 

Where millions of users worldwide capture images and 

videos to record various events in their lives. According to 

current estimates, more than 250 billion photos have been 

uploaded to Facebook and more than 350 million photos 

are uploaded every day on average [1].  

Hence we believe that one important challenge in 

recent Web-oriented computer vision research is to 

retrieval photos related to specific event from millions of 

photo streams. Under the social events we mean events 

that are planned by people, attended by people and that the 

media illustrating the events are captured by people. The 

retrieval of such social events can potentiate a variety of 

applications [2, 3]. For example, if a family decides to go 

to a scuba diving trip, they can make a plan by previewing 

what other people usually do. After the trip, they can also 

review the similarities and differences of their trip 

compared to others, and fill missing parts of their photo 

sets by others’ pictures [4]. For users, finding digital 
content related to social events is challenging, requiring to 

search large volumes of photo streams, possibly at 

different sources and sites .Algorithms that can support 

humans in this task are clearly needed. The proposed task 

thus consists in developing algorithms that can detect 

event-related photos and group them by the events they 

illustrate or are related to (see Figure-1). 

Event detection from photos is very challenging, 

because of the ambiguity of photos across different event 

classes and because many photos do not convey enough 

relevant information. Unfortunately, the field still lacks 

standard evaluation data sets to allow comparison of 

different approaches. We use data set of photo collections 

containing more than 4,00 images, annotated with 6 

diverse social event classes. 

 

 

 
Figure-1. Event detection from photo collection. 
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2. TASK STATEMENT AND DEFINITION 

The problem statement can be summarized as 

follows: given a large image collections, we aim to 

classify images based on their image features. 

Event Recognition is defined as the process of 

images classification based on image features, each one of 

them represents event (e.g., trip, party, meeting, sport, 

etc). Formally, let the photo collection P be a set of N 

photos, � = {� , � , … ��}. The goal of 

recognition is to find a subsets of photos�� (� =… �with� number of classes), each ��representsan 

event. 

3. MAIN PART PROPOSED SYSTEM 

The proposed system based on direct features [5]. 

The system consists of five parts (see figure 2). These 

parts are respectively: 

 Patches Extraction; 

 Feature Extraction  

 Classifier Module; 

 Testing Module; 

 Kernel Fusion Module. 

 

 

 

 
 

Figure-2. Proposed system structure. 

 

a) Patches extraction 

With the images as the input, the outputs of this 

step are image patches. This process is implemented via 

sampling local areas of images, usually in a dense (e.g., 

using fixed grids [6]) or sparse (e.g., using feature 

extractors [7,8]) manner. 

 

b) Feature extraction 

Feature plays a very important role in the area of 

image processing. Before getting features, various image 

preprocessing techniques like binarization, thresholding, 

resizing, normalization etc. are applied on the sampled 

image. After that, feature extraction techniques are applied 

to get features that will be useful in classifying and 

recognition of images. Visual features is defined as the 

global or local operations applied to an image to generate 

certain quantitative measurements, which are helpful for 

solving the computational tasks. According to the types of 

operations, the visual feature can be categorized into 

global feature and local feature. Global feature measures 

the property of the whole image, and local feature 

measures the property of local regions in the image [9]. 

We use the following visual features: 

 

Multi-level histogram of color multi-scale local binary 

pattern (mlhmslbp) 

The local binary pattern (LBP) is a powerful 

illumination invariant texture primitive. The histogram of 

the binary patterns computed over a region is used for 

texture description. The operator describes each pixel by 

the relative gray levels of its neighboring pixels. If the 

gray level of the neighboring pixel is higher or equal, the 

value is set to one, otherwise to zero. The descriptor 

describes the result over the neighborhood as a binary 

number (binary pattern) [10]. After identifying LBP for 

each pixel, the whole image is represented by building a 

histogram. Figure 3 shows ad example of a LBP 

operator[11]: 

http://www.arpnjournals.com/


                                  VOL. 11, NO. 20, OCTOBER 2016                                                                                                         ISSN 1819-6608            

ARPN Journal of Engineering and Applied Sciences 
 

©2006-2016 Asian Research Publishing Network (ARPN). All rights reserved.

 
www.arpnjournals.com 

 

 
12284 

 

 
 

 
 

Figure-3. Example of LBP feature extraction. 

 

Multi-level histogram of color multi-scale local 

derivative pattern (mlhmsldp) 

Local Derivative Pattern (LDP) was proposed 

by Baochang Zhang [12] for face recognition with high 

order local pattern descriptor. It encodes directional 

feature pattern based on local derivative variations. It 

can capture more detailed information than the first 

order LBP. LDP is a micro pattern representation which 

can also be modeled by histogram to preserve the 

information about the distribution of the LDP micro 

patterns. LBP is always considered first-order local 

pattern operator, because LBP encodes all-direction first-

order derivative binary result whereas LDP encodes the 

higher-order derivative information. So it contains more 

discriminative features than LBP. Given an image, the 

first-order derivatives along 0 , 45 , 90 and 135 

directions are denoted as I′α , where, α =0 , 45 , 90 

and 135. Let �  be a point in �  , and ��  ,i=1,…8 be 

the neighboring point around �  . The four first-order 

derivatives at � = �  are given in equations 2, 3, 4 

and 5 for 0 , 45 , 90 and 135  respectively [13]: 
 

 
 

 
 

 
 

 
 

In a general formulation, the n
th

 order LDP is a 

binary string describing gradient trend changes in a local 

region of directional (n-1)
th

 order derivative images �′α �  as 

 

 

 
 

Where Iαn− �   is the (n-1)
th

 order 

derivative in α direction at � = �  . � Iαn− �   , Iαn− ��  , is defined as 

 

 
 

This formula encodes the (n-1)
th

 -order gradient 

transitions into binary patterns, providing an extra order 

pattern information on the local region. 

After identifying LDP for each pixel, the whole 

image is represented by building a histogram. 

 

c) Classifier module 

We use large-locale linear SVM such Liblinear 

[14]orPagasos [15, 16] or libsvm [17]. They are used to 

train models since features are almost perfectly linearly 

separable. The onevs. all classification strategy is 

selected to train SVM for each class. At the end we will 

get the n training models for each classifier: 

n = number of classes ·  number of features. 

 

d) Testing module 

After training classifiers we test them using 

testing dataset. 

 

e) Kernel fusion module 

We used fusion method for combine results 

from multiple classifiers. We used two type of fusion 

method (Max, Mean). 

 

4. SYSTEM IMPLEMENTATION AND 

RESULTS 

At the feature level and from 2-D grayscale 

input images. We use mlhmsldp and mlhmslbp with 
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features with scale = [0.5 , 0.75 , 1], patch size = 16 

pixel, nbins = 12 and derivative order = 2. They are 

extracted using Matlab functions. After feature 

extraction, we get the raw form of feature descriptors. 

These descriptors can be directly used in classification. 

We used the Liblinear, Pagasos SVM, libsvm, as a SVM 

classifier, they used for large-scale data and design a 

composite kernel to jointly learn between textual and 

visual features and heterogeneous features. The one vs. 

all classification strategy is selected to train SVM. Here, 

We trained every classifier with one class and then we 

got a training model. At the end we will get the n 

training model for each classifier, since n = number of 

classes * number of features, then we test these models 

using selected testing dataset, then we apply fusion 

(Mean) overall results to get the final results.  

 

a) Dataset 

To evaluate the proposed system, data from the 

MediaEval social event detection challenge 2013 [18] 

was used. We downloaded 5376 pictures for training set 

and 4036 pictures for test set. But we chose 300 images 

for training(61%) and 192 images for testing(39%).We 

chose four events as following "concert", " conference", 

" exhibitions", " sport" and we added two types of event, 

it is called "wedding" and "graduation". Their dimension 

as follows (width from 336 to 1599 pixel; high from 336 

to 1098 pixel). Number of training images equals 50 and 

number of testing images equals 32 for each class. 

 

b) Algorithm evaluation approach 

The ground truth was created by human 

annotators [18]. The results of event-related media item 

detection were evaluated using four evaluation measures 

[19]: 

 
 

 
 

 
 

where ��: true positive, eqv. with hit,��: true 

negative, eqv.with correct rejection. ��:false positive, 

eqv.with false alarm. ��:false negative, eqv.with miss. 

These measures calculated for each class (event), and we 

used also accuracy measure overall results,4) Area 

Under Curve (AUC), 

AUC is a criteria for comparing learning algorithms. 

It's recommended when evaluating and comparing 

classifiers [20]. We have three classifiers: Liblinear, 

LibSVM, Pagasos. 

 

c) Experiment results 

We made6 experiments on notebook computer 

with processor: Intel(R) Core(TM) i5-3230M CPU @ 

2.60GHz, RAM: 8,00 GB, System Type: 64 bit 

Operating System, Windows Edition: Windows 

8.1.Experiments are tested on Matlab. 

Results of experiments combined in Table-1. 

Execution time of each experiments varied from 2.949 

seconds to 91.091 seconds. 

 

Table-1 shows than the result precision of event 

recognition varies from 66.75% to 93.75%. The best 

precision of the “Concert” event recognition is achieved 
by Liblinear and Pagasos SVM with local derivative 

patterns (0.8065). For the “Conference” recognition the 
best precision is achieved by LibSVMwith local 

derivative patterns (0. 6129). For the “Exhibition” 
recognition the best precision is achieved by Pagasos 

SVM with local binary patterns and local derivative 

patterns (0. 6875). The best precision of “Graduation” 
recoginition is achieved by Liblinear with local 

derivative patterns (0. 7188). For the “Sport” recognition 
the best precision is achieved by Pagasos SVM with 

local binary patterns (0. 9375). “Wedding” event have 
the best recognition precision 0.8438 using Liblinear 

with local binary patterns. Table 2 shows the best 

precision results using max function overall experiments. 

 

We compared classifiers performance by 

applying AUC measure at results and when we applied 

fusion, we got AUC = 0.9289. Figure 4 shows the 

comparison between classifiers using AUC and fusion 

them. We note that the best experiment result is the 

results of the first experiment. 

 

It means that the best classifier for event 

recognition task is Liblinear using mlhmslbp (Local 

binary pattern) feature. 
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Table-1. Results of experiments. 
 

 
 

  

Table 2. The best precision results from all experiments. 
 

 
 

 

 
 

Figure-4. Comparison between classifiers. 
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5. CONCLUSIONS 

In this paper we use technique "Extract Direct 

Features" and "Fusion" in testing process for recognizing 

six types of events. We extract 2 types of features (local 

binary and local derivative patterns), then we train the 

extracted features with 3 types of classifiers (Liblinear, 

LibSVM, PagasosSVM). The result precision of event 

recognition varies from 66.75% to 93.75% and the best 

classifier for described task in terms of AUC metric is 

"liblinear" with local binary pattern. The results give us 

the highest performance in class "sport". This technique 

very fast. Although we have used dataset with 492 photos, 

but in future we will test it on large dataset. Also in future 

we can use technique "Bag of words" and other features 

types for classifiers training. Developed image 

classification system can be used in many applications, for 

example in internet services, in robotics, in automated 

systems of technological processes control where image 

scenes should be recognized. 
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