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Abstract
Retrieval of videos efficiently and effectively has become a challenging issue nowadays and dealing with multi-concept 
videos is the center of focus. The aim of the work presented here is to propose an improved semantic concept-based video 
retrieval method using a novel ranked intersection filtering technique and a foreground driven concept co-occurrence 
matrix. In the proposed ranked intersection filtering technique, an intersection of ranked concept probability scores is 
taken from key-frames associated with a query shot to identify concepts to be used in retrieval. Convolutional neural 
network is used as a baseline. The proposed method is implemented using a classifier built with a fusion of asymmetrically 
trained deep CNNs to deal with data imbalance problem, a novel foreground driven concept co-occurrence matrix to 
exploit concept co-occurrence information and a ranked intersection filtering approach. Performance is evaluated by a 
measure, mean average precision on TRECVID multi-label dataset. The results are compared with state-of-the-art other 
existing methods in its class and shown its superiority.

Keywords Video concept detection · Semantic concept-based video retrieval · Multi-label classification · Convolutional 
neural network · Deep learning · Concept co-occurrence matrix · Foreground driven concept co-occurrence matrix

1 Introduction

Due to the technology advancement in video capture, its 
storage and possible transmission, and extremely afford-
able costing of these devices has made big contribution in 
the explosive growth of video collections on the internet, 
which leads to need for efficient and effective access and 
retrieval of video data. Concept-based video retrieval is 
a way to facilitate video access. Providing concept level 
access to video data requires, indexing techniques which 
indexes videos on semantic concepts. For better access 
and retrieval of videos, effective indexing and retrieval 
techniques are necessary. The effectiveness of a video 
retrieval algorithm depends on the accuracy with which 
videos are accessed from dataset. The most important 

factors of any video retrieval system is (1) the effectiveness 
of a concept detector, (2) post classification improvement 
of concept probabilities and (3) effectively dealing multi-
ple key-frames of a shot for effective access from dataset.

The work in this paper is an extension of [1]. Here, we 
addressed the issue of semantic video retrieval and pro-
posed and implemented a novel approach for retrieval 
with improved performance. In [1], we have shown that an 
efficient concept classifier can be implemented using deep 
convolutional neural network (CNN) by extracting seman-
tic features from video. In this work, the same approach 
is used for implementing a classifier. The main contribu-
tion of this paper is a video retrieval framework based on 
concept co-occurrence information and proposed Ranked 
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Intersection Filtering (RIF) approach for efficient video 
retrieval.

The paper is organized as follows: related and exist-
ing work is summarized in Sect. 2. Proposed method with 
detailed framework and implementation of CNN classifier 
its architecture, concept of asymmetrically trained deep 
CNNs, FDCCM and Ranked intersection filtering approach 
is described in Sect. 3. Experimental results and perfor-
mance evaluation measure is given in Sect. 4 and lastly, 
Sect. 5 concludes the paper.

2  Related work

In semantic concept-based video retrieval system, retrieval 
of videos is a last step after initial steps of shot boundary 
detection, extraction of key-frames and concept detection.

Video search and retrieval process can be effectively 
carried out on the indexed database. A good survey on 
concept-based video retrieval is presented by Snoek and 
Worring [2]. Feng and Bhanu [3] discussed the concept and 
use of concept co-occurrence patterns for image anno-
tation and retrieval. Kuo et al. [4] presented the work on 
the use of deep convolutional neural network for image 
retrieval. Podlesnaya and Podlesnyy [5] and [6] exhibits the 
work on deep learning based video indexing and retrieval. 
Kikuchi et al. [7] presented the work on video semantic 
indexing using object detection-derived features. Awad 
et  al. [8] discussed a 6-year retrospective on TRECVid 
semantic indexing of video. The use of co-occurrence 
information can be used to classify videos is presented 
in [9]. Multi-label image classification with a probabilistic 
label enhancement model is discussed by [10]. Donahue 
et al. [11] presented the work on use of deep learning for 
visual recognition. A discussion on the effectiveness of 
semantic concepts for improved video retrieval is given by 
[12]. Many robust concept-based video retrieval methods 
have been presented in [13–16]. Effective recognition of 
objects in videos is important for effective object-based 
video concept detection and retrieval. Visser et al. [17] 
and [18, 19] exhibited works on video retrieval based on 
concepts using detected objects. Concept-based image 
retrieval approaches could be useful for video retrieval 
methods [20, 21]. Mezaris et al. [22] exploited automati-
cally extracted video semantics for improved interactive 
video retrieval. Shirahama et al. [23], and [24, 25] imple-
mented robust video retrieval system. The work [26] pre-
sents selection of concepts and concept detectors for 
video search.

3  Proposed method

The main objective of the proposed system is to retrieve 
relevant video shots from a dataset of videos when a set of 
key-frames are given as input to the system. To achieve the 
above objective, it is needed to have a concept classifier 
which will detect semantic concepts from input keyframes 
and on the basis of detected concepts relevant shots are 
retrieved from dataset indexed on semantic concepts. The 
proposed framework at basic level therefore consists of 
two modules namely (1) Training module and (2) Testing 
module through which it does its designated objective. 
In training module, a supervised training is used to imple-
ment a classifier with training key-frames dataset and in 
testing module, relevant key-frames and underlying shots 
are obtained by using a trained classifier. The framework 
of the proposed system is shown in Fig. 1. The proposed 
system also highlights the detailed steps of concept detec-
tion, score refinement and detecting common concepts 
from input key-frames for efficient retrieval.

The proposed framework retrieves the key-frames and 
the underlying shots using following modules—(1) Multi-
class-classifier for performing video concept detection (2) 
Score refinement using Foreground Driven Concept Cooc-
currence Matrix (FDCCM) to improve concept detection 
rate and (3) Use of proposed novel RIF approach to short-
list common concepts from input key-frames for efficient 
video shots retrieval.

A classifier for the proposed method is built using a 
fusion of asymmetrically trained deep CNNs followed by 
score refinement using FDCCM matrix. FDCCM matrix is 
obtained from Concept Cooccurrence Matrix (CCM) which 
is obtained by averaging two CCMs, namely  CCMlocal and 
 CCMglobal as given by Eq. 1.  CCMlocal is implemented using 
local Trecvid dataset whereas  CCMglobal is obtained from 
random image dataset. Random image dataset is a col-
lection of images other than Trevid dataset which are 
obtained by retrieving from internet using Google Images.

A fusion of classifiers and its implementation, idea of 
asymmetric training and its performance gain has been 
discussed in detail in next subsections. The concepts 
detected for a key-frame/s will serve as an index for cor-
responding video shot and will be helpful and useful in 
retrieval process. As this index is based on semantic con-
cepts, it is called semantic index. The entire dataset will be 
maintained based on semantic index.

In testing module, key-frames of a query shot are given 
as input and the aim is to search for top-k most semanti-
cally relevant shots from dataset matching to the input. If 
the input is through query by example then key-frames are 

(1)CCM = Avg
(

CCMlocal ,CCMglobal

)
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extracted from a query shot. After applying concept detec-
tion step for each individual key-frame, common concepts 
among these key-frames are identified using RIF method. 
Using a set of common concepts, a database indexed on 
semantic concepts is searched for finding most relevant 
key-frames and associated shots. The performance is eval-
uated by a parameter Precision.

3.1  Building CNN classifier

The proposed method implements a classifier using 
CNN as a baseline. The architecture of the CNN used 
for building classifier is shown in Fig. 2. The proposed 
CNN architecture is comprised of 7 layers. The input 

key-frames are presented to the first convolutional 
layer and output is taken from the last Softmax layer. 
A key-frame of size 352 × 288 (with three color chan-
nels), are initially resized to 88 × 72 and then converted 
to gray-scale (single channel) is presented as input. The 
aim of resizing and gray-scale conversion is to reduce 
memory requirement and time complexity. The gray-
scale output is convolved with 40 different first layer 
square filters, each of size 6 × 6 using a stride of 2 in 
both x and y directions. The resulting feature maps are 
then: (1) pooled (max within 2 × 2 regions, using stride 
2), (2) contrast normalized across feature maps and (3) 
passed through a rectified linear function, to give 40 dif-
ferent 17 × 21 element feature maps. Similar operations 

Fig. 1  Concept based video indexing and retrieval using FDCCM and RIF

Fig. 2  Proposed CNN architecture used to build concept classifier
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are repeated in layer 2. The last two layers are fully con-
nected, taking features from the top convolutional layer 
as input in vector form. C-way Softmax is the last layer 
of the architecture where C being the number of classes 
which is 36 in our case.

A fusion of multiple asymmetrically trained CNNs, a 
novel approach proposed by us in [1], is used for clas-
sifier implementation. The approach of asymmetric 
training has been very effective while dealing with 
imbalanced datasets. Imbalanced dataset has training 
samples considerably different in number for each class. 
In imbalanced dataset, the classes with larger training 
sample population can be considered as strong classes 
while with lower sample population are weak classes. It 
has been observed that, while classifier training, strong 
classes tend to learn quickly than weak classes and 
exhibits improved detection rate during initial stage of 
training. If the same classifier is used to train both strong 
and weak classes, it becomes difficult to achieve better 
detection rate for both categories of classes. Therefore, 
it was proposed in [1] to use an approach of a fusion of 
asymmetric trained deep CNNs to build a classifier to 
deal with imbalanced dataset samples. Here, two sepa-
rate CNNs with the same architecture are trained inde-
pendently (asymmetrically) with the same dataset to 
classify strong and weak classes respectively as shown 
in Fig. 3. The output scores from these separate classi-
fiers are then fused to get the final detection rate. To 
separate strong and weak classes, the dataset concepts 
are divided into two Groups using Global Threshold-
ing Method. The first will hold Group-1 concepts with 
larger population and other group will hold Group-2 
concepts of smaller population. Once the classifier out-
put is obtained, it is refined using novel FDCCM, which 
is obtained exploiting concept co-occurrence relation-
ship among concepts and is discussed next in detail.

3.2  Foreground driven concept co‑occurrence 
matrix

The FDCCM concept, an approach proposed by us in our 
previous work [1], is discussed in this section. In a pro-
cess of detecting semantic concepts, concept’s visual 
co-existence helps in providing semantic information. 
In video shot, concepts co-exist with each other. Current 
methods use concept pairs for deriving semantic con-
cepts from shot. If Road-Bus is a semantic pair, then the 
presence of concept Road increases the confidence of Bus 
by its co-existenance, as Bus runs on a Road. A concept 
co-occurrence matrix (CCM) needs to be implemented to 
maintain concept co-occurrence data. The CCM we com-
pute is a combination of two CCMs computed for local and 
global levels respectively. The local level CCM is derived by 
considering prelabelled dataset and their concept visual 
co-existence. The global level CCM is derived from images 
retrieved using Google Images. Final CCM is computed by 
averaging CCMs at local and global levels as given by Eq. 1.

In a concepts list, we notice two concepts types: fore-
ground or actor concepts (such as moving Car, Ball) and 
background or passive concepts (such as Road and Crowd 
in football ground). Once the CCM is prepared, we derive 
FDCCM from it. FDCCM is a matrix of foreground and back-
ground concepts. It is prepared in such a way that, when 
we pass on any foreground concept, it returns us a list of 
background concepts co-exits with it. Its use in proposed 
method is for refinement of concept scores and to get 
improved detection rate.

3.3  Proposed ranked intersection filtering 
approach

In the video retrieval system, a query video shot is given 
as an input to the system and in the output, it retrieves 
and ranks all the relevant shots from the indexed data-
set. A shot segmentation process segments a video into 

Fig. 3  A fusion of asymmetri-
cally trained CNNs
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multiple shots. As shown in Fig. 1, one of the shots is 
given as an input to the system. It is then subjected to 
the key-frame extraction process, which extracts rep-
resentative key-frame/s for input shot. The key-frames 
are then submitted to a multi-concept classifier which 
detects a list of concepts for all submitted key-frames. 
The concept lists of all key-frames of a shot are given to 
proposed RIF technique for finding common concepts 
which belong to all key-frames of a shot. If concept lists 
are considered as concept sets, then the intersection 
operation finds common concepts from key-frames. The 
common concepts in key-frames of a shot are assumed 
to represent salient content of a shot which is a necessity 
for effective video retrieval. The concepts thus identified 
are ranked on their probability values. Figure 4 presents 
RIF method which shows the extraction of common con-
cepts using intersection operation. In Fig. 4, a shot of 
three key-frames namely KF-1, KF-2 and KF-3 is given as 
an input. KF-1 consists of concepts Crowd, Vegetation, 
People, Airplane and Sky, KF-2 consists of concepts Air-
plane, Sky, Mountain and Vegetation whereas KF-3 con-
tains Car, Road, People, Sky and Airplane concepts. After 
applying proposed RIF method, the concepts which are 
common in all KFs i.e. Airplane and Sky are extracted. The 
extracted common concepts have different probability 
scores for different KFs. Here, we have to find out a single 
probability value for each extracted concept. We there-
fore, take average of probability scores from KFs for each 
concept. They are then ranked on their final probability 
values. Hence, this method is named as RIF.

4  Experimental setup

The dataset and the measure used for performance evalu-
ation for the proposed method is discussed in this section.

4.1  Video dataset

In the experimentation, for training and testing CNN 
classifier, TRECVID2007 development dataset has been 
used which consists of 110 video clips preprocessed into 
approximately 19 thousand shots and 6 lakh 64 thousand 
key-frames. The dataset is preprocessed to shots and cor-
responding key-frames dataset, using some shot detection 
and key-frame extraction techniques before classifier train-
ing. We divided the dataset into two partitions; namely Train-
ing and Testing as given in Table 1. The training dataset is 
chosen using 17,114 randomly selected positive key-frames 
from first 90 videos while test dataset is formed from 9352 
randomly selected positive key-frames of next 20 videos for 
testing. The dataset has 36 concepts in its concepts vocabu-
lary, whose details are available on the TRECVID website [27]. 
NIST [28] provides ground-truth dataset. The experimenta-
tion is performed using the ground-truth dataset.

4.2  Evaluation measure

The measure used to evaluate performance of proposed 
video retrieval method is Precision (P). It is defined as the 
ratio between the relevant shots retrieved by the method 
(Hit) from the total relevant and non-relevant (False-hit) 
shots retrieved in the output.

In our experimentation, we have considered evaluation of 
performance for top-6 retrieved shots in the retrieved out-
put. As in our method, every shot is represented by repre-
sentative key-frames, hence in our experimentation, relevant 
and non-relevant key-frames will be considered instead of 
relevant and non-relevant video shots. The computation of 
P is done by using Eq. 2,

where H is total number of relevant key-frames (Hit) from 
total retrieved frames and, F is total number of non-rele-
vant key-frames (False-hit). The MatConvNet [29], an open 
source library for Matlab is used to implement CNN.

(2)P =
H

(H + F)

Fig. 4  The proposed ranked intersection filtering method (KF—
key-frame)

Table 1  TRECVID dataset and 
details of its partitions

Dataset Partition Partition name # of videos # of key-frames

TRECVID development dataset Partition-I Training dataset 90 17,114
Partition-II Testing dataset 20 9352
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4.3  Experimental results

Figure 5 presents the video retrieval results for two dif-
ferent input instances of sample key-frames. In the first 
instance, a shot consists of a single key-frame (key-frame 
no. 9199, in a test dataset of 9352 key-frames) is presented 
as an input to the proposed system. Column 1 shows the 
visual appearance of the input key-frame, Column 2 gives 
the ground-truth concept ids for the input key-frame 
which are 4 (for Building), 6 (Car), 21 (Outdoor), 23 (Person), 
32 (Urban), and 34 (Walking_Running). Ground-truth con-
cepts are known concepts for a sample key-frame. Upon 
presenting input key-frame to the proposed system, a clas-
sifier outputs probability scores for all 36 concepts, then 
it is subjected to score refinement process using FDCCM, 
the refined scores are then ranked as per their values and 
then top ‘n’ scores are matched with the ground-truth 
concepts (evaluation measure) and then finally matched 
concepts are identified as detected concepts. Column 3 in 
Fig. 5 shows the detected concepts for a input key-frame. 
For first case, the concepts detected are 21 (Outdoor), 32 
(Urban), 4 (Building), 27 (Sky) and 6 (Car). Colum 4 gives us 
the common detected concepts from the presented input 
key-frames after applying proposed RIF method on them. 
Since in the first case, there is a single frame, the output 
of RIF method is the same i.e. concepts (21,32,4,27 and 6). 
Using these detected concepts and their index, the data-
set is searched and top six most relevant keyframes are 
retrieved (key-frame no. 7437, 7645, 8010, 8092, 8106 and 
8114, from training dataset) which are shown in next col-
umns. In second instance, since two key-frames belongs to 

the same shot, two key-frames are presented as input (key-
frame no. 5311 and 5312), their ground-truth concepts are 
17,21,23,24,33 for frame-1 (5311) and 6,17,21,23,33,34 for 
frame-2 (5312) respectively. Their individual detected 
concepts are 6,26,32,31 and 24 for frame-1 and 23,24,10 
for frame-2. Post application of RIF method, common 
concept detected is only 24 (Police_Security) and hence 
using this concept dataset is searched and retrieves the 
key-frames having Police_Security, the key concept. The 
top six retrieved key-frames are shown in next columns. 
The performance of the proposed work is given in Table 2. 
For both input examples, out of six retrieved key-frames, 
the number of Hits are 5 and False-hits are 1, therefore 
Precision for both cases computes to 5/6 = 0.83. The MAP 
for entire Trecvid testing dataset is computed which 
comes out to 0.544. The performance comparison of the 
proposed method with state-of-the-art other methods in 
the category is given in Table 3. The MAP for the proposed 
method which is 0.544 is lot superior than other contem-
porary methods in the class, Statastical_Active_Learning 
[30], MAP = 0.235; CRMActive [31], MAP = 0.260 and pLSA 
[32], MAP = 0.390.

Fig. 5  Retrieval results using proposed algorithm

Table 2  Sample test key-frames retrieval performance

S. no. Key-frame/s Id Key concept H F Precision (P)

1. 9199 Car and person 5 1 0.83 (83%)
2. 5311, 5312 Police_Security, 

Person, Face, Crowd, 
Outdoor

5 1 0.83 (83%)
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5  Conclusion

This work has introduced a novel method for seman-
tic concept-based video indexing and retrieval using 
a state-of-the-art classifier built using a fusion of 
asymmetrically trained deep CNNs to deal with imbal-
ance dataset combined with FDCCM, and a novel RIF 
approach. Its evaluation on TRECVID dataset using Pre-
cision parameter shows that, proposed method is lot 
superior than other contemporary methods in the class.
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