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Abstract. With the rapid growth of online videos on the Web, there is
an increasing research interest in automatic categorisation of videos. It is
essential for multimedia tasks in order to facilitate indexing, search and
retrieval of available video files on the Web. In this paper, we propose a
different technique for the video categorisation problem using only visual
information. Entity labels extracted from each frame using a deep learn-
ing network, mimic words giving rise to manage the video classification
task as a text mining problem. Experimental evaluation on two widely
used datasets confirms that the proposing approach fits perfectly to video
classification problems. Our approach achieves 64.30% in terms of Mean
Average Precision (mAP) in CCV dataset, above other approaches that
make use of both visual and audio information.

Keywords: Video Classification · Text Classification · Text Mining ·
Semantic Video Tagging.

1 Introduction

Online video is responsible for more than 58% of Internet traffic, with an up-
ward trend, as suggested in a recent report [5]. The main reasons for this trend
are the growth and consolidation of social networks and streaming platforms,
such as YouTube, Vimeo, Viddler or Netflix. For these platforms, due to the
huge amounts of uploaded videos, the problem of classifying them into gen-
res/categories is an essential issue. At the high structure level, film or video sets
are categorised into different subcategories, such as fiction, horror, thriller, etc.

Currently, most of the digital content uploaded to web pages comprises meta-
information which is assigned manually by the user when s/he shares the video.
However, this approach is time-consuming for users; being also affected by the
different users’ understanding on video categories. Therefore, a reviewing process
is needed to verify video labels. In this context, automatic video categorisation
is a key approach to solve these limitations. Intelligent systems can in fact help
users to tag videos, suggesting the most accurate labels. Thus, resulting cate-
gories will be more coherently assigned than allowing users to choose manually
the categories for the uploaded videos.
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Commonly, video categorisation is developed mainly by using models based
on meta-textual, visual Region of Interest (ROI) features, audio or their combi-
nation, as presented by [23, 31, 24, 25, 28]. Nowadays, authors keep on using the
same cues, but making use of Deep Neural Networks (DNNs) as [9, 32]. How-
ever, any focus based on low level features is not robust enough for online video
categorisation because videos from the same category are frequently diverse in
term of features. Based on this limitation, this work aims to propose a methodol-
ogy that allows automatic video categorisation making use of text mining based
strategy to extract features. The adopted approach is evaluated using different
models over various public datasets.

The paper is organised as follows. Section 2 presents the related work. Sec-
tion 3 describes the proposed approach. The experimental design is illustrated
in Section 4. Section 5 presents the obtained results of the experiments. Finally,
Section 6 concludes with a summary.

2 Related work

2.1 Non Deep Learning based approaches

Video categorisation has received the attention of the computer vision commu-
nity since years. In [3] an extended survey about the literature of video clas-
sification is presented where the authors highlighted three types of modalities:
text, audio and visual features. The authors explored an extensive number of
approaches using single modality and combinations of them. Another work [4],
proposed a systematic study of automatic categorisation of consumer videos, di-
viding them into a set of classes with diverse semantic concepts, which have been
carefully selected based on user studies. In this sense, they manually annotated
over approximately 1,300 recordings from real users. Their goals are summarised
in: (i) evaluation of the state of the art in multimedia analytics, (ii) evaluation
of different approaches in consumer video classification; and (iii) to discover
new research opportunities. The work summarised in [13] described a generic
video classification algorithm that detects object of interest. They used online
user-submitted recordings and aimed to categorise videos into six broad cate-
gories. Recently, the approach described in [33] proposed an improved K-means
algorithm to categorise video fragments.

2.2 Deep learning based approaches

An extensive empirical evaluation of Convolutional Neural Networks (CNNs) on
large-scale video classification is described in [12], using a dataset of one mil-
lion YouTube videos belonging to 487 categories. Another work [32] proposed
and evaluated different Deep Neural Network (DNN) models to combine image
information across a video over longer time periods. The authors proposed two
methods capable of handling full length videos. One of the proposed methods
explored various convolutional temporal feature pooling architectures. The sec-
ond proposed method explicitly modeled the video as an ordered sequence of
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frames, applying Long Short Term Memory (LSTM) units which are connected
to the output of the underlying CNN. Moreover, [22] proposed to leverage high-
level semantic features to improve the state of the art of temporal model in
video categorisation. A LSTM network was used with the aim to understand
what is learned by the network. Firstly, object features were extracted from a
CNN model that was trained to recognise 20K objects. These features feeded
the LSTM to capture the video temporal dynamics. The work described in [29]
presented a novel approach to combine multiple layers and modalities of DNNs
for video classification. In [10], the authors studied the challenging problem of
categorising videos according to high-level semantics such as the existence of
a particular human action or a complex event. The authors proposed a novel
unified approach that jointly exploits the feature and class relationships to im-
proved categorisation performance. Particularly, these two types of relationships
are estimated and applied by rigorously imposing regularisation in the learning
process of a DNN.

All the above mentioned works share a similar point of view to extract fea-
tures, which are later used to train a classifier. In this paper, we propose a
different focus, i.e. to apply a text-mining approach to the problem of video
categorisation, deriving high-quality information from semantic information ex-
tracted over visual objects of the video.

3 Methodology

Fig. 1. Equivalence among the elements used in text classification and those used in
video categorisation.

The proposal of this paper is based on mimicking the text mining pipeline
for the video categorisation problem. Firstly, it is necessary to establish the
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analogies between the elements in which a video can be broken down; and the
elements that make up a set of documents. In fact, a focus to find a equivalence
between a video, which is composed of frames, and a document, which is made
up of paragraphs or pages, may be text classification. Thus, a frame is formed
by a set of visual entities, that are equivalent to the set of words that appear in
the paragraph or page. The above analogies are clarified in Figure 1. As a result,
a relationship between the concepts used in text classification and those used in
video classification can be established.

The first process in text mining is called tokenization. Similarly, in video
categorisation firstly it is needed to extract the visual entities from the frames.
Visual entities are extracted using an object detector based on a deep neural
network. In this way, labels such as person, dog, car are obtained for the video
frames. The semantic information of each visual entity is then considered as a
word in our approach. But, only those words that the confidence of the visual
entities are larger than a confidence (α). This information is extracted from the
corresponding class of the detected entity. These are the basics to manage video
categorisation as text classification.

Fig. 2. Approach Overview. Semantic visual entities are extracted from the video
frames to apply text mining. Then, a classification process is carry out to categorise
the video.

At this point, it is necessary to transform a video, V = {f1, f2, ..., fj , ..., f|V |},
into a feature vector of fixed dimension for each video. This problem is similar
to transform a document into a feature vector. For this purpose, we employ the
concept Bag of Words (BoW), which allows to encode documents, in our case a
video, in features vectors regardless of the number of frames of the video. Apply-
ing a BoW technique consists in converting the token sets of each video frame
into sparse vectors of the size of the vocabulary (V oc = {t1, t2, ..., ti, ..., t|V oc|})
built from the tokens that compose each frame. Formally, IRl → IR|V oc| where l
is the number of tokens in the video. Thus, we obtain as many vectors as videos
in which the values that are not 0 depend on the chosen method to weight the
presence of vocabulary tokens in each frame (wij). The simplest technique is the
Boolean model, where 0 is assigned if a token do not appears in a frame, other-
wise, 1. However, the boolean model does not take into account the relevance of
each token. In order to consider the relevance of each token, the model, proposed
by [21], Term Frequency - Inverse Document Frequency (TF-IDF) is used; and
it is defined as follows:

wij =

{
0 → tfij = 0

tfij × idfi → tfij ≥ 1
(1)
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where

idfi = log
|V |

|fj ∈ V : ti ∈ fj |
(2)

being idfi the inverse document frequency. In our case, it corresponds to the
inverse video frequency of the token i; and tf is the Term Frequency of the
token i in a frame j.

In summary, our approach is composed by three modules as summarised in
Figure 2. First, a deep neural network object detector is used to extract the visual
entities (words) for each video frame. Second, text mining techniques are used
to obtain a feature vector, which is composed from the extracted visual entities
of the whole set of processed videos. Third, different models can be adopted to
obtain the category of the video.

4 Experiments

The experimental evaluation is performed on two widely used benchmarks. First,
a subset of videos from YouTube-8M, see [1], is selected. This dataset consists
of 200 videos corresponding to ten different categories. These are related to
sports (Basketball, Bowling, Cycling, Football, Jumping, Parachuting, Rallying,
Surfing, Tennis and WinterSport). Second, Columbia Consumer Video (CCV)
dataset is selected, see [11]. This collection consists of 9,317 videos. However,
just 7,578 of them could be downloaded due to broken links. Either the user who
uploaded the video has deleted or blocked it, or YouTube has deleted the video
due to copyright infringement. Once both datasets were obtained, we followed
a protocol regarding training and testing. A repeated holdout validation was
adopted, including 10 repetitions with re-sampling of the samples, making use
of two third of the samples to train and the rest to test.

Table 1. Results in terms of mAP for the subsets built from YouTube-8M and CCV
with different classifiers.

NB SVM KNN C4.5 RF

YouTube-8M 94.00 98.50 90.60 82.40 94.00
CCV 61.20 64.30 53.10 46.30 58.60

As general purpose object detector to get the visual entities, YOLO9000 [20]
is used. The number of different object that this detector is able to detect is
9,000. For each video, a vector Xv of 9,000 elements is obtained as follows. Each
frame of the video is processed with YOLO, making a vector Xf where each
position represents how many entities of each type appear in the frame (Fig.
3), considering those entities with an α ≥ 0.1. Then, Xv is computed as the
sum of all the Xf of the video. So, Xv gives how many object of each class are
detected in the video. After that, a matrix M where each row corresponds to
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a) b)

Fig. 3. a) Example of yolo9000 detections. b) Resulting translation from a frame into
a vector where each column represents the number of occurrences of the entities.

the Xv of each video is obtained. To note that M is the TF matrix of the video
but as it was explained before in this work TF-IDF is going to be used. So, a
matrix Mtf−idf is computed for M using (2) with |V | = 9, 000. From now on, the
problem of video classification can be considered as a traditional classification
problem because each video is represented with a 9,000 element feature vector
independently of the number of frames the video comprises, being the Mtf−idf
the dataset for training and testing the different classifiers under consideration
using a holdout approach.

To classify the samples, classifiers with different kinds of heuristics were used:
Näıve Bayes (NB) proposed by [2]; Decision Tree (C4.5) with pruning is used
to avoid overfitting, it is introduced by [19]; the ensemble method proposed by
[15], denominated as Random Forest (RF) is used with 10 trees; Support Vector
Machine (SVM) presented by [6] with polynomial kernel (C=1); and K-Nearest
Neighbors (KNN), proposed by [7], is applied with K set to 10.

A first experiment is carried out to assess the validity of the proposal in the
subset of YouTube-8M with only 10 video categories as it was explained before.
After this first experiment, the CCV dataset is used to evaluate the performance
of the proposal that is a real challenge dataset with 20 video categories.

The approaches taken for comparison purposes are: [11], [30], [27], [16], [14],
[17], [8], [18], [26] and [10]. These are the state of the art in the last years in
CCV dataset.

The software/hardware requirements to carry out the experiments comprise
an i7 core with a Nvidia GeForce GTX 960 graphic card, where YOLO9000 was
executed with Tensorflow and Keras library. The classification methods used
Weka library running over Java programming language.

5 Results

In this section, we evaluate the validity of our approach. First, we describe the
evaluation metric used to establish a comparison. Then, we detail the obtained
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results in a subset of YouTube-8M. Furthermore, we present the results related to
CCV. Finally, we compare the performance of our approach and other methods
in CCV dataset. We evaluate our methodology using a well known in video
categorisation problems, as it is Mean Average Precision (mAP).

The obtained comparison results with for YouTube-8M subset are presented
in the first row of Table 1. The proposed approach performs very well, achieving
mAPs larger than 80% for all models. SVM yields the best performance, 98.5%,
which is 16 percentage points better than the worst classifier (C4.5) and four
over the second classifiers (NB and RF). With this toy example, we verify the
validity of our methodology for video categorisation.

In relation to CCV, the achieved results are summarizes in the second row
of Table 1. Again the best mAP is obtained for SVM, but just 64.3%, three
percentage points larger than NB, the second best classifier, and above 18 points
larger than C4.5.

Table 2. Results obtaining by different methods in CCV.

Method mAP

∝ SVM [14] 43.60
SIFT + STIP + MFCC [11] 59.50
Feature Weighting via Optimal Thresholding (FWOT) [27] 60.30
Reduced Analytic Dependency Model (RADM) [17] 63.04
Robust Late Fusion (RLF) [30] 64.00
Regularized Multi-modality Auto-Encoders (RMAE) [8] 64.00
Our (SVM) 64.30
Sample Specific Late Fusion (SSLF) [16] 68.20
Students-t Mixture Model + Temporal Pyramids (StMM+TP) [18] 71.70
regularized Deep Neural Network (rDNN) [10] 73.50
Multi-Stream Multi-class Fusion (MSMF) [26] 84.90

Labelling by humans 77.40

Finally, Table 2 presents the results obtained from different authors over
CCV, including the results reported by our approach using a SVM classifier.
Rank 5 is reached with respect to the state of the art methods in CCV. Most
of the approaches that have a lower score make use of Scale-Invariant Feature
Transform (SIFT), Spatial-Temporal Interest Points (STIP) as features. These
features are not significant to extract independent features from different cat-
egories. Our result is achieved using just BoW features, contrary to other ap-
proaches which combines multiple features and modalities. Furthermore, it is
interesting to compare with the reported human performance, 77.40%. The lat-
ter suggests the complexity of categorising the CCV dataset. It is awe-inspiring
that some methods over-match the understanding of the humans about video
categorisation. For instance, in the case of [26] is 7.5% over labelling by humans.
Labelling by humans is presented by [11].
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6 Conclusions

This paper has focused on the use of a novel technique for the problem of video
categorisation. The adopted approach, based on text mining, extract visual en-
tities from videos, which are represented textually. This gives rise to manage
such textual information following the standard text mining protocol, applying
tokenization and BoW.

Results are evaluated over two datasets, a subset of YouTube-8M to evaluate
at first step whether our hypothesis is feasible. Reaching a 98.5% in terms of
mAP with SVM classifier. Moreover, CCV dataset is used to test in a challenging
categorisation set where humans are not capable to classify correctly the different
categories, reaching a 77.40% of mAP. Our approach achieves 64.30% using SVM
as classifier.

Those results suggest the possibility to make use of forgotten features in video
categorisation, which may in a close future be combined with state of the art
approaches to boost the overall performance.
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