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Information technologies such as deep learning, big data, cloud computing, and the Internet of Things provide key technical tools
to drive the rapid development of integrated manufacturing. In recent years, breakthroughs have been made in big data analysis
using deep learning. The research on the sports video high-precision classification model in this paper, more specifically, is the
automatic understanding of human movements in free gymnastics videos. This paper will combine knowledge related to big
data-based computer vision and deep learning to achieve intelligent labeling and representation of specific human movements
present in video sequences. This paper mainly implements an automatic narrative based on long- and short-term memory
networks to achieve the classification of sports videos. In the classical video description model S2VT, long- and short-term
memory networks are used to learn the mapping relationship between word sequences and video frame sequences. In this
paper, we introduce an attention mechanism to highlight the importance of keyframes that determine freestyle gymnastic
movements. In this paper, a dataset of freestyle gymnastics breakdown movements for professional events is built. Experiments
are conducted on the data and the self-constructed dataset, and the planned sampling method is applied to eliminate the
differences between the training decoder and the prediction decoder. The experimental results show that the improved method
in this paper can improve the accuracy of sports video classification. The video classification model based on big data and deep
learning is to provide users with a better user experience and improve the accuracy of video classification. Also, in the
experiments of this paper, the effect of extracting features for the classification of different lifting sports models is compared,
and the effect of feature extraction network on the automatic description of free gymnastic movements is analyzed.

1. Introduction

With the rapid development of computers, networks, multi-
media, and other related technologies, multimedia data has
shown an exponential growth trend. A video is a common
form of multimedia data, and it is one of the important com-
ponents of multimedia data [1], which is closely related to
our daily life. Video contains the richest data information,
with a more complex structure and a large amount of data.
Faced with such a huge video data, automatic video descrip-
tion can better manage and utilize these rich video resources,
which can help users to improve the indexing speed as well
as the search quality of online videos, so that they can play
a greater role. For people with impaired vision, the auto-
matic description of videos and combined with text-to-

speech conversion technology converts the text within the
computer into continuous natural language for communica-
tion. It can help them to understand the content in the video
better, thus making life easier for the visually impaired. In
the field of automatic video description research, automatic
human action-based video analysis and understanding have
gradually become a popular research problem in computer
vision and pattern recognition in recent years. It has a wide
application prospect in the fields of intelligent life assistance,
advanced human-computer interaction, and content-based
video retrieval and is closely followed by researchers at home
and abroad [2].

Existing research results for high-precision classification
algorithms and their conceptual drift still rely mainly on
data structures, and algorithm optimization on data mining
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as well as detection of conceptual drift is still mainly done by
standalone computers with limited computational resources.

The growing and escalating levels of data and data com-
plexity make it insufficient to rely solely on the algorithm
itself and single-computer computing resources [3]. The
use of distributed computing platforms to cope with the
huge consumption of time complexity and space complexity
of algorithms in big data environments and to address the
problem of conceptual drift in data streams has become a
major concern.

Faced with the current problems in the research of sports
video high-precision classification models [4], such as low-
level video features cannot accurately reflect high-level
human semantic concepts, high time complexity, and low
recognition accuracy of action recognition algorithms in tra-
ditional RGB videos, and the use of single features cannot
meet the massive growth of existing video data and its recog-
nition of complex actions, the study of the automatic
description of videos represented by competitive sports
events has important theoretical research significance and
extensive practical application value. In terms of theoretical
research, the study of the automatic description of sports
video is a cross-cutting topic that integrates multiple disci-
plines such as big data analysis, machine learning, pattern
recognition, video analysis, computer vision, and cognitive
science, which provides a good research object for these
fields, and its in-depth research can promote the develop-
ment of related disciplines. With the progress of deep neural
network research and the emergence of large-scale datasets
in the fields of image classification and object recognition,
a number of approaches have attempted to use convolu-
tional neural networks to learn the semantic representation
of images and then use recurrent neural networks to achieve
their correspondence with natural language. Traditional
supervised learning is mainly single-label learning, while
real-life target samples are often complex, have multiple
semantics, and contain multiple labels [5].

In recent years, automatic video understanding has
gradually become a popular research direction in the field
of computer vision [6–8]. Compared with image content
research, the content of video contains more information,
and a single label is not able to completely characterize the
content of the video, so most of the problems for automatic
video content understanding are multilabel problems. A
number of learning algorithms on multilabeling have been
proposed in existing research, and based on the problem-
solving perspective, these algorithms can be divided into
two major categories: the first category is based on problem
transformation approaches, where the main difficulty of
multilabeling learning lies in the explosive growth of the
output space, and to cope with the exponential complexity
of the label space, the correlation between labels needs to
be mined. Effective mining of correlations between labels is
the key to the success of multilabel learning. According to
the strength of mining correlations, multilabel algorithms
can be divided into three order strategies. First-order strat-
egy: ignore the correlations between labels, e.g., decompose
multilabel into multiple independent binary classification
problems. Second-order strategy: consider pairwise correla-

tions between labels, such as ranking relevant and irrelevant
labels. Higher-order strategies: consider correlations between
multiple labels [9], such as considering the effects of all other
labels for each label. The second category is based on algo-
rithmically applicable methods. Problem transformation-
based methods focus on transforming problem data to make
it applicable to existing algorithms; algorithm-applicable
methods are those that extend for a particular algorithm to
be able to handle multilabel data, improve the algorithm,
and apply the data. The video classification model uses a
3D convolution kernel to process space and time dimensions
at the same time. However, the 3D convolution model is shal-
low and has a huge amount of parameters, which is very
bloated. Finally, C3D is used. This model achieves the same
as the 2014 dual-stream method, accuracy of close video
behavior classification. It uses 3D convolution and 3D pool-
ing and fully connected layers to form an 11-layer shallow
network. Its biggest advantage lies in speed. However, the size
of the C3D model reaches 321MB, which is even larger than
152-layer ResNet 235MB model. Such a model is difficult to
train and cannot be pretrained on a large-scale image data set
like ImageNet. The shallow network also limits the classifica-
tion performance of the model.

2. Related Work

Early approaches to automatic video description were rule-
based. A language model is used as the basis for predicting
the subject, predicate, and object and then complementing
the final description of the other constituent videos. For
example, the literature describes human activities by intro-
ducing a behavioral concept hierarchy, and the literature
uses a semantic hierarchy to learn semantic relations
between different segments. The literature uses conditional
random fields to model objects and activities and generates
semantic features for description. In addition, the literature
proposes a unified framework consisting of a semantic lan-
guage model, a deep video model, and a joint embedding
model to learn associations between videos and natural sen-
tences. However, all of the above approaches rely excessively
on well-defined rules and are limited by fixed syntactic
structures, resulting in generated sentences that are too rigid
for everyday descriptions. With the advances in deep neural
network research and the availability of large-scale datasets
in the fields of image classification and object recognition,
a number of approaches have attempted to use convolu-
tional neural networks to learn the semantic representation
of images and then use recurrent neural networks to imple-
ment their correspondence with natural language.

The literature proposes a long short-term memory
neural network, which effectively solves the problem of arti-
ficially prolonged time tasks that are difficult to solve by
RNNs, and addresses the problem that RNNs are prone to
gradient disappearance. The literature introduces the forget-
ting gate mechanism, which enables the LSTM (long short-
term memory) to reset the state. The literature proposes a
bidirectional long short-term memory neural network
(BLSTM), which is one of the most widely used LSTM
models. LSTM is a member of deep learning techniques,
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and its basic structure is complex and has high computa-
tional complexity, which makes it more difficult to perform
deeper learning, for example, Google Translate also only
applies 7-8 layers of LSTM network structure. The literature
is the first implementation of direct text generation from
video, which uses convolutional neural networks to extract
features from all frames in the video and then perform aver-
age pooling before sending them to the LSTM to decode and
generate text. The S2VT proposed in the literature uses a
long- and short-term memory network in both the encoder
and decoder. The literature uses different models trained
on different kinds of features thus to generate the description
of the video and then uses an evaluation network to evaluate
the correlation between the generated sentences and the
video features and selects the best correlation as the final
video description. The literature uses multiple types of fea-
tures such as image features, video features, ambient sound
features, speech features [10], and kind features to fuse them
as a representation of the video. The literature proposes a
transfer unit to model the high-level semantic properties of
incoming images and videos that are presented as supple-
mentary knowledge for video representations to facilitate
sentence generation.

In the methods of sports video content analysis and rec-
ognition research, most of the existing sports video research
focuses on the semantic analysis of sports and its recognition
research. And in the study of sports classification break-
down, except for ball sports such as football, basketball, golf,
and badminton, other sports research is rarely involved. The
literature borrows a dynamic Bayesian network to analyze
sports video, then extracts image features by Kalman filter-
ing principle and uses EM algorithm to complete DBN
parameter learning. The literature proposes a semantic con-
tent analysis model based on perceptual concepts and finite
state machines to automatically describe and detect mean-
ingful semantic content in sports videos. The literature
proposes a pose constraint-free upper-body human target
detection algorithm. The literature proposes two novel non-
linear feature fusion models and designs an automatic sports
video classification algorithm based on the novel features
and support vector machines. The literature proposes an
automatic detection method based on convolutional neural
networks for the detection problem of multiscale athletes
in sports videos [11]. The literature uses feature filtering
and support vector machines for sports video recognition,
which improves the accuracy of sports video recognition
and speeds up the speed of sports video recognition. There
are offline computing, real-time stream computing, and
two types of computing frameworks.

3. Video Classification Model Based on Big
Data and Deep Learning

Big data and the deep market is entering a period of rapid
development with scale applications in industries such as
healthcare. In the market, there are video classification
modes based on partial differential equations, and video
classification modes based on big data and deep learning,
education, the Internet, and commerce. The huge amount

of data resources such as user’s behavioral characteristics
need to be further analyzed and mined to build commercial
sports video classification models to provide to producers
and sellers to improve the product experience. Big data
and deep learning technologies will not only help to increase
the added value of the product but also maximize the value
of the customer experience. Countries now have a huge mar-
ket for big data technology and also have the data resources
and technology accumulation base for big data to enable
more accurate sports video classification [12].

3.1. Streaming Data Model for Sports Video Big Data

3.1.1. Basic Introduction to Streaming Data for Sports Video
Big Data. Streaming data is a set of sequential, large, fast,
and continuous data sequences. In general, a data stream
can be regarded as a dynamic data collection that grows
indefinitely over time. It is used in the fields of network
monitoring, sensor network, aerospace, meteorological mea-
surement and control, and financial services. The study of
streaming data is the study of a new type of data processing
model and therefore requires a different approach to data
query mining than the traditional method, adapted for
streaming data application scenarios, to implement a stream-
ing data query and mining algorithm based on a distributed
streaming computing framework and form a prototype algo-
rithm system to query and mine the latest data as fast as pos-
sible and give results [13], solving the streaming data loop
practical problems in the environment. Whether it is in the
field of data mining or database research, more and more
experts and scholars at home and abroad are paying attention
to the research to stream data will be a focus that cannot be
ignored in the future, and top conference sessions such as
SIGMOD, ICDE, VLDB, and ICDM will have related topics
every year. The research on data analysis and processing for
big data is mainly in two aspects, stream data query and
stream data mining. Data flow management system is mainly
for the research of data flow query and on this basis continue
to deepen and build some data management solutions for
specific application background items; stream data analysis
and processing methods have significant differences with
the traditional data processing; first of all, stream data is
real-time dynamic data flow and is dynamic relative to the
traditional static data form. Secondly, the data elements of
streaming data are independent and random, and the
dynamic changes of data flow are not easy to predict. More
importantly, the real-time nature of streaming data and the
large volume of data makes it more time and space complex
for the system compared to traditional data. Streaming
data requires real-time in-memory processing and output-
ting the results, rather than traditional data by storing it to
disk first and then computing it. Streaming data process-
ing differs significantly from traditional data processing
in terms of data form, processing characteristics, data stor-
age methods, update rates, and real-time requirements (as
shown in Table 1).

The first thing to consider with stream data mining algo-
rithms is what data to process. The most accurate solution is,
of course, the one that is most accurate for all.
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All the data that have arrived are mined without any
omission, but the characteristics of stream data make the
method impossible to achieve. Stream data processing model
is the study of data stream summary model, that is, the anal-
ysis of which part of the data stream needs to be processed
for analysis. For stream data, its large data volume character-
istics is so often taken according to the algorithm needs to
select a range of data within the accuracy requirements for
processing, rather than all data as the processing object
[14]. The current data stream processing is mainly based
on the approximation of the data selection time range,
so the selection of the range can be divided into snapshot
model, boundary marker model, and sliding window
model.

3.1.2. Stream Data Mining Algorithm Features

(1) Incrementalization: traditional data mining algo-
rithms are mined for offline datasets, where data
may be accessed by the algorithm multiple times to
get the final converged model, whereas real-time
mining algorithms emphasize making full use of
the latest data for predictive model training or
finding knowledge and patterns in the latest data.
Therefore, real-time mining algorithms need to be
able to continuously update the original training
model using the latest incremental data

(2) Anti-interference: traditional data mining algo-
rithms run data mining with a single background
principle or pattern of the target data, i.e., the target
data set is influenced by the same factors or contains
knowledge of the same pattern, whereas the actual
existence of real-life stream data contains a model
that may change and may have multiple variations
in a form called “conceptual drift” [15]. Therefore,
real-time mining algorithms need to be able to
effectively resist the interference of the concept
drift phenomenon; otherwise, the extracted pat-
terns or the trained models will be outdated and
inaccurate

(3) Labeling problem: for data mining algorithms, classi-
fication, and regression in supervised learning, the
dependent variables of their training sets need to be
labeled. For traditional data mining algorithms,
although the cost of training set labeling is high
and time-consuming, it can still accomplish the set
goal because it is offline mining; for real-time data

mining, because the training data flows into the sys-
tem incrementally and in real time, the timing of
labeling is fleeting, and further research on semisu-
pervised algorithms is needed to form a closed-loop
process for training set labeling

3.2. Big Data Distributed Computing Framework. The video
big data streaming computing architecture requires several
requirements such as low latency, scalability, high reliability,
and fast recovery. The computing platform needs to be able
to track the execution of each message and deliver the
message quickly, and the forwarding delay needs to be below
milliseconds; the computing platform needs to support hor-
izontal scaling so that when the computing needs require
system expansion [16], it is easy to operate and does not
affect the existing data processing operations; the computing
platform needs to be highly stable, support the rapid detec-
tion of node failure, and be able to resist the avalanche
phenomenon.

3.2.1. Storm. The storm is an open-source real-time distrib-
uted computing system developed by Twitter, which features
scalability, high system fault tolerance, etc. Storm defines the
original language for developers to use based on platform’s
real-time computing and development and has convenient
APIs for developers to use, such as real-time online queries,
machine learning, and data mining. Storm can be used by
configuring ZooKeeper, thereby facilitating the scaling of
its distributed clusters. The computational principles are as
follows.

Ft = 1
n
〠
n

i=1
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σ
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Storm can process millions of messages in a second, in
terms of sports video classification. The development lan-
guages for Storm are Clojure and Java, and non-JVM lan-
guages can communicate with Storm via stdin/stdout using
the JSON protocol. One of the advantages of Storm is that
its topology writing and message processing components
can be freely used with a variety of programming languages.
The most important feature of Storm is that it guarantees
that messages are processed, a feature that will benefit
the reliability of the entire architecture. By ensuring that
messages are processed, Storm ensures that the entire
streaming processing layer of the architecture is guaran-
teed to process messages. The computational framework
is shown in Figure 1.

3.2.2. YahooS4. YahooS4 with distributed, pluggable, scal-
able, and partitioned fault-tolerant features was the first
system used to process ad click traffic data. S4 uses the Actor
architecture model using a simple programming interface to
enable large-scale development. S4 has no central control
node, and each working node is of equal status, which makes
the system highly usable. S4 has the Actor computing the
processing unit PEs in the S4 system pass the completed data
through the Actor architecture in the form of events. Each
PE is independent of each other and interacts with each

Table 1: Characteristics of stream data processing and comparison
of traditional requirements with traditional data.

Feature requirements Traditional data Streaming data

Data format
Continuous and
stable data flow

High-speed data flow

Data storage method Passive Initiative

Efficient Low High
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other by issuing events and interaction events. The specific
principle formula is

G x, yð Þ = 1
n
〠
n

i=1
Xi − �X
� �2 + 〠

n

i=1
XiYi:

1
n
〠
n

i=1
Xi: ð2Þ

S4 draws on the MapReduce model and solves the single
point of fault tolerance problem. The independent peer-to-
peer architecture not only improves the scalability of the
cluster but also ensures the efficiency of the system. S4 sys-
tem supports Java language development and modular pack-
aging. The functional components of S4 are divided into

three major categories: Clients, Adapters, and PNodeCluster.
Figure 2 shows the framework of the S4 system.

3.3. Deep Learning Based on Video Classification. Deep
learning is a recent area of research that has received much
attention and plays an important role in machine learning.
The history of deep learning development, in terms of time-
line, can be seen as three stages of neural network develop-
ment. The first generation of neural networks [17], which
can be called artificial neural networks, was studied starting
from the proposal of the M-P model. Figure 3 illustrates the
M-P structural model.

Nim bus
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Zookeeper Zookeeper Zookeeper

Supervisor Supervisor Supervisor

Worker Worker

Worker Worker

Worker Worker

Worker Worker

Worker Worker

Worker Worker

Cluster

Slaves
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Data
requirements 

Type of
data 

Figure 1: Storm stream data computation framework diagram.
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Figure 2: S4 system framework diagram.
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The backpropagation algorithm for artificial neural net-
works was proposed, which not only gave hope to the devel-
opment of machine learning but also opened the statistical
model-based machine learning that is still of deep research
significance today. The third stage is deep learning, and in
the second stage, deep learning enters a period of rapid
development by pretraining to quickly train deep belief nets.
In the third phase, researchers reduced the top 5 error rate of
the ImageNet image classification problem to 15% and deep
learning entered an explosive period [18, 19].

Deep learning is a part of machine learning, which can
be divided into two research phases, shallow machine learn-
ing and deep learning, in terms of research history. Shallow
machine learning models and deep learning models have
commonalities and important differences. Shallow machine
learning models do not use distributed representations and
require human extraction of manual features in feature
extraction, which is not only time-consuming, heavy, and
difficult but also requires accurate domain knowledge of
the relevant specialty when researching a particular domain.
The model itself can only make further prediction or classi-
fication based on the extracted features, and the quality of
human-extracted features directly determines the perfor-
mance of the whole system to a large extent. Deep learning
can learn to get the essential features of the whole data set
from a smaller number of data samples when performing
feature extraction. A nonlinear deep network structure is
obtained by training the network to learn and achieve a dis-
tributed representation of the input data by representing
complex functions with a small number of parameters. The
essence of deep learning is to improve the accuracy of classi-
fication or prediction by building machine learning models
with a number of hidden layers and huge amounts of train-
ing data to learn the desired features. The hidden layer in
deep learning is equivalent to a linear combination of input
features, and the weight between the hidden layer and the
input layer is equivalent to the weight of the input features
in the linear combination [20], and the capability of the deep
learning model grows exponentially with the depth of the
network, and its specific principle is formulated as

St = 1
n
〠
n

i=1
XiYi: ð3Þ

Recurrent neural networks (RNNs) are a special kind of
neural network structure inspired by the fact that humans
rely on experience and memory during cognition. The rea-
son why RNNs are called recurrent neural networks is that
RNNs assign not only a memory function to the input of
the previous moment but also the input of the next moment
is referred to the memory of the previous moment; the cur-
rent output of a sequence is jointly determined by its input
and the output of the previous sequence determines. The
specific process is manifested in that the current output is
computed by applying it to the output remembered from
the previous moment. RNNs differ from CNNs in that in
RNNs, the input data have a temporal order of precedence,
thus forming a sequence. This is the key difference between
RNNs and other neural networks and is the reason why the
“loop” can be established [17]. The nodes between the
hidden layers, which are unconnected in CNN, become con-
nected in RNN, and the input of the hidden layer contains
the output of the input layer and the output of the hidden
layer at the previous moment. Its mechanism is illustrated
in Figure 4. The hidden layer of the simplest structure of
the RNN is expanded in time.

3.4. Algorithmic Framework for Deep Learning in Sports
Video Classification. With the basic framework in place,
the first and foremost problem to be addressed during the
research is the lack of experimental data. There are some
publicly available sports video datasets, such as the Sport-
1M dataset, which is currently the largest video classification
benchmark dataset consisting of 1.1 million sports videos.
Each video belongs to one of 487 sports categories, and this
dataset does not tag the decomposed actions of a particular
category of videos. In the current lack of professional sports
datasets, to achieve an automatic description of free gymnas-
tics videos, in this work, a free gymnastics decomposition
action dataset containing videos of professional events such
as the Olympic Games and National Games is constructed
[21], and the description of videos is labeled according to
professional commentary. For the discriminative power cal-
culation of video frames, a number of methods have been
proposed to solve this problem. One of the commonly used
strategies is to use an attention mechanism. Therefore, in the
approach of this paper, the attention mechanism is fused
into the existing video description network to calculate the
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Figure 3: Basic model diagram of neural network.
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weights between different video frames and improve the
accuracy of the automatic video description. As shown in
Figure 5, firstly, the free gymnastics decomposition action
dataset is constructed; for the video data, feature extraction
is performed by the convolutional neural network, and for
the labeled text, a dictionary is constructed to extract the
corresponding dictionary features; Figure 5 shows basic flow
chart, then the training set is input to the video-to-text
learning model for training, and the trained text that can
accurately recognize the corresponding free gymnastics
video is obtained; finally, the tested video features are input
to the trained model to get the description of the free gym-
nastics video [22].

For the automatic description network of sports videos,
the input data includes video sequences and text sequences.
The video features are first extracted by a convolutional neu-
ral network, and then, the text features are extracted using
natural language text processing.

3.4.1. Video feature processing. Convolutional neural networks
have some degree of invariance to geometric transformations,
deformations, and illumination. Trained convolutional
neural networks can scan the entire image with a small com-
putational cost and hence are widely used for image feature
extraction. And while using its feature extraction, the spe-
cific morphology of the features is not considered at all.

3.4.2. Description of text processing. In this paper, we use
one-hot vector coding to transform the descriptors of free
gymnastics videos into features. The words in the annotated
text of sports videos are first counted to construct a dictio-
nary. One-hot computation process: the input is a sentence,
and the output is a feature. The calculation is done by first
calculating the total number N of all words described in
the free gymnastics dataset and then representing each word
as a 1 ∗N long vector; in that long vector, there are only two
values taken, 0 and 1. There is only one value, 1, in that vec-
tor, and the position where this value, 1, is located in the
position of the word in the word list at the moment, and
the rest of the values are 0. Its schematic diagram is shown
in Figure 6.

4. Experimental Results and Analysis

4.1. Experimental Setup. The experiments in this section
were done on the operating system application Ubuntu
16.04, and the code used to implement the experiments
was based on the Tensorflow 1.6.0 framework, using the
language Python 2.7. Its classification model diagram is
shown in Figure 7.

The network model was trained on two NVIDIATitan
1080 graphic cards with 11GB of memory. The input video
data is sampled at every 5 frames, the input to the C3D
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Figure 4: RNN hidden layer unfolding.
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feature extraction model is 16 frames long clips with 8
frames of overlap between two consecutive clips, and the
fc6 activations of these clips are averaged to obtain 4096-
dimensional video descriptors. This section uses LIBSVM
classification tool, LIBSVM is a set of libraries for support
vector machines, mainly used for classification, which needs
to preprocess the fc6 learned video features in the format
<label> <index 1>: <value 1> <index 2>: <value 2>....
(Table 2), for the databases that appear for each category.

This chapter is using a classification approach, so the
data is described and categorized according to a sporting
event professional actions; each video data consists of more
than one decomposed action, so each video data is labeled
as at least one category, and the categories are replaced with
positive integers (starting from 1), for a total of 31 categories

[23]. Each category may require more than one word for its
description, and the number of occurrences of this one
category is shown in Table 2. It can be seen that half of the
categories occur very infrequently below 10 times, with a rel-
atively small number of categories occurring particularly
high. Figure 8 shows an analysis of the frequency of the 16
categories that occur more than 10 times, with only a few
categories having a particularly high number of occurrences.

4.2. Analysis of Experimental Results

4.2.1. Analysis of Multicategorical Evaluation Indicators and
Experimental Results. Accuracy is the most common
performance metric in classification models and applies to
binary classification models, but can also be used for
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Popular items

Neural
network
model

Another round of
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Figure 6: Codec structure diagram.
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Figure 7: Sports-based video classification process.
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multiclassification models. The calculation of accuracy is
also relatively simple. Assuming the classification model is
g, its formula for calculating accuracy is as follows [24].

T xð Þ = 1
n
〠
n

i=1
Xi − �X
� �2 + 〠

n

i=1
X2
i : ð4Þ

4.2.2. Example Analysis. The experiments are representative
frames of two videos from the test data of the self-built data-
set, and due to the page limit, only two examples are given
for reference; this example is the same video as the example
in Section 3. The experimental results of the automatic
description of free gymnastics on the self-built dataset with
different models and the multilabel classification method in
this chapter are compared. Compared to the original model,
S2VT, the model with the attention mechanism is similar in
the direction of the “forward” test in blue, but in the video,
the improved model is more specific. In the classification
problem, this video contains two categories, and the classifi-

cation results are significantly better. Figure 9 shows a com-
parison of the differences in the results after classification.

From the experimental results, it can be seen that the
end-to-end deep learning algorithm proposed in this chapter
for time-series accurate classification of sports video classifi-
cation big data has a large improvement in the accuracy per-
formance F compared to other algorithms for classifying
sports video classification time-series data [25]. The LSTM-
based model improves 14.22% over the BPNN model used
on sports video classification and 3.91% over EE, the supe-
rior integrated learning algorithm in time series classifica-
tion. The GRU-based model improves by 14.03% over the
BPNN model used for sports video classification and by
3.72% over EE, the superior integrated learning algorithm
for time series classification. However, in terms of classifica-
tion time consumption, both LSTM and GRU have a large
speedup over the EE algorithm, but both of them take 6.15
times and 6.03 times more time than the BPNN algorithm
used for sports video classification, respectively [26]. The
accuracy of these two algorithms can be applied to sports
video classification large data temporal classification, but
the operational efficiency can only be applied to nonreal-
time sports video classification application scenarios.

5. Conclusion

In this paper, the methods and related technical theories of
automatic video description and video classification are
introduced, and the main framework and implementation
steps of the free gymnastics video automatic description
method based on long- and short-term memory networks
and the sports video automatic classification based on sup-
port vector machine multilabel classification are described
in detail, and the feasibility of the improved methods in this
paper is verified by comparison experiments. In this paper,
we first take the automatic video description method as an

Table 2: Databases in which the video category appears.

Category Quantity Category Quantity

1 23 1 34

2 33 2 35

3 21 3 32

4 34 4 12

5 32 5 43

6 34 6 47

7 21 7 55

8 21 8 42

9 32 9 33

0 2 4 6 8 10 12 14 16 18 20

0

10

20

30

40

50

60

Q
ua

nt
ity

Folded graph of categories with data volumes greater than 10

Swim
Gymnastics
Basketball
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entry point and review the current state of research on auto-
matic video description methods, sports video research, and
video classification. Then, from deep learning, we introduce
its related concepts and development history, focus on
describing the derivation and specific architectures of three
important types of neural networks, and make structural dis-
section of typical network models, such as special recurrent
neural network LSTM, respectively. Finally, the current state
of research on feature extraction of video is analyzed, and
the commonly used convolutional neural network feature
extraction methods are classified and compared.

In this paper, an automatic description method of free
gymnastics based on big data and deep learning classifica-
tion is proposed. The research object sports video data is
not only characterized by the presence of a large number
of keyframes, but the definition of its high-level semantic
things also is more fixed, and sports videos have certain cho-
reography rules, so the automatic video description problem
is transformed into a video classification problem, and the
important technical support to promote this problem trans-
formation is the existing video classification model with high
accuracy. To preserve the temporal signal of the video, this
paper uses a C3D feature extractor and feeds the extracted
feature vectors into multiple binary SVM classifiers to
accomplish the task of multilabel classification. Video classi-
fication based on big data and deep learning can bring users
a better experience in the future and can better perform
high-precision classification for sports videos. To verify the
feasibility of the problem transformation, the classification
results are mapped into natural language descriptions. The
experimental results show that the classification model of
sports video based on big data and deep learning can
effectively improve the accuracy of sports video classifica-
tion rapidly.

Data Availability

The data used to support the findings of this study are
included within the article.
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