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Both the human body and its motion are three-dimensional information, while the traditional feature description method of two-
person interaction based on RGB video has a low degree of discrimination due to the lack of depth information. According to the
respective advantages and complementary characteristics of RGB video and depth video, a retrieval algorithm based on
multisource motion feature fusion is proposed. Firstly, the algorithm uses the combination of spatiotemporal interest points
and word bag model to represent the features of RGB video. Then, the directional gradient histogram is used to represent the
feature of the depth video frame. The statistical features of key frames are introduced to represent the histogram features of
depth video. Finally, the multifeature image fusion algorithm is used to fuse the two video features. The experimental results
show that multisource feature fusion can greatly improve the retrieval accuracy of motion features.

1. Introduction

The traditional training method is for coaches to make a
training plan according to their own training theory and
training experience, combined with the skill level of basket-
ball players. The subjectivity of this training mode is very
strong, and coaches need to spend a lot of time to analyze
the sports characteristics of athletes. And it is difficult to
objectively evaluate the training effect of athletes [1, 2].
The core of modern sports training is precision and effi-
ciency. If coaches can accurately control the sports charac-
teristics of athletes, the training effect can be greatly
improved. Therefore, collecting and analyzing the sports
data of basketball players and searching the sports character-
istics are of great significance to improve the scientifically of
the coaches’ training plan and the training effect of the ath-
letes, and it is a new research direction [3, 4].

The information represented by the motion video has
diversified characteristics, and the user can search the video
according to the diversified features in the video [5]. One is
to search for similar or identical video clips in the video

library by submitting short videos [6]. The other is to search
the video tags by entering keywords [7]. The traditional
video search method is mainly based on the keywords
marked by video content manually [8, 9]. First of all, the
main meaning of the video content is annotated by manual
text. Then, form keywords to describe the video content.
Finally, the video is retrieved according to the keywords.
This method of manual annotation is easy to implement,
and the query effect is better in some cases. However, due
to the lack of depth information, the discrimination of its
feature description is low [10].

(1) Annotated video keywords lack objectivity, and dif-
ferent annotators may have different opinions on
the same video. Therefore, there will be subjective
thoughts of the annotators, leading to a certain devi-
ation in the keywords of video annotation

(2) The labeled video keywords are not comprehensive.
When users want to obtain a person’s video
resources, manual annotation cannot guarantee
whether all the information in the video has been
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marked. Therefore, when users search from the
video database according to the keywords manually
marked, they cannot find the corresponding video
resources

(3) The current video data surge, but the manual cannot
continue to annotate for a long time and easy to
fatigue. Therefore, manual labeling is slow

Therefore, in order to solve the above problems, accord-
ing to the respective advantages and complementary charac-
teristics of RGB images of video and depth video, the
researchers propose a multisource motion feature fusion
retrieval algorithm. Firstly, the algorithm uses the combina-
tion of spatiotemporal interest points and word bag model
to represent the features of RGB video. Then, the directional
gradient histogram is used to represent the depth video
frame, and the key frame statistical feature is introduced to
represent the depth video histogram feature. Finally, the
multifeature image fusion algorithm is used to fuse the two
kinds of video features to realize the motion feature retrieval.

2. Related Works

With the development of the network and self-media, the
presentation level of video files increases exponentially. In
the face of a large number of video data, how to retrieve
interesting videos from these video libraries quickly and
effectively has become a difficult problem in today’s infor-
mation age [11]. Video data has the characteristics of large
amount of data and high dimension; so, it needs to consume
a lot of memory and search time in the process of retrieval
[12]. In the process of video processing based on multifea-
ture fusion, key frame extraction is one of the key steps.
Because the amount of video data is huge and complicated,
and it takes a lot of time, the efficiency of video retrieval can-
not meet the needs of users. Therefore, in order to compress
the amount of data and reduce the computational complex-
ity of matching features, redundant frames need to be dis-
carded in the shot. Finally, one or more frames which can
express the main content of the video are selected as key
frames to improve the efficiency of video retrieval. In recent
years, there have been many key frame extraction algo-
rithms, but their emphasis is different.

Huang and Wang [13] proposed to extract key frames
based on shot boundary. This method can directly extract
video frames as key frames without calculation and is conve-
nient and fast. The main purpose of this method is to extract
the first frame and the last frame of the video shot as the key
frame or to sample the video frame as the key frame accord-
ing to a certain time interval. However, the extracted video
frame is random and cannot correctly and completely
express the information in the lens.

Wang et al. [14] proposed a method based on motion
analysis to extract key frames. This method calculates the
optical flow and analyses the motion of the object inside
the lens and takes the frame of the minimum motion as
the key frame. Although this method is sensitive to the
motion of the object, it is impossible to judge the primary
and secondary of the moving object in the video frame.

And it is not sensitive to the features of the internal objects
in the video; so, it is difficult to extract and identify the main
target features in the video frame.

Gui and Lu [15] proposed a key frame extraction algo-
rithm for foreground moving target feature extraction based
on the background modeling algorithm. This method uses
the SIFT algorithm to compare the similarity between adja-
cent frames and the average value of segment similarity to
determine the key frame. However, the amount of calcula-
tion of this method is too large, and when the amount of
data is huge and the video definition is high, the efficiency
of video retrieval will be limited by the running speed of
the machine.

The traditional key frame extraction method has been
unable to meet the needs of users. At present, the common
method is to use the technology of extracting key frames to
establish the index and then carry on the video retrieval.
The key frame extraction methods are key frame extraction
based on color feature [16] and key frame extraction based
on video content [17]. However, in the above methods, the
former method of extracting key frames will cause some
redundancy, while the latter is not effective in the case of
large amount of video and numerous contents. At present,
the popular video retrieval methods, such as key frame
extraction and video retrieval based on deep learning, video
summary generation algorithm based on k-means clustering,
and all extract key frames based on global features, can only
consider video frames as a whole. However, due to the large
amount of video data and the high redundancy of video
adjacent frames, the efficiency of video retrieval is reduced.

In order to improve the quality and efficiency of video
key frame extraction, a video key frame extraction algorithm
based on optimal distance clustering and feature fusion
expression is proposed in reference [18]. The algorithm
solves the dependence of unsupervised clustering on thresh-
old, takes into account the changes of moving objects and
abnormal environment in the video, and has good perfor-
mance and adaptability. However, the algorithm takes the
average features of all frames in the video to represent the
video features and ignores the features of different parts of
the characters when taking the characters as the key research
object.

Because the video is rich in content and feature informa-
tion, using a single feature to retrieve video will be limited by
the diversity of video types. In order to solve this problem, a
key frame extraction method based on multifeatures is pro-
posed in reference [19]. In this method, color features, wave-
let statistical features, and SIFT local features are used to
calculate the comprehensive similarity matrix between video
frames. Then, the shot frames are grouped by an improved
spectral clustering algorithm, and the central frame of each
group is selected as the key frame. The number of key frames
is estimated by calculating the minimum of clustering insta-
bility. However, this method takes the center frame of the
lens as the key frame. There will be some errors for the gra-
dient lens. When there are characters, the recognition of the
characters in the middle frame of the video sequence may be
relatively poor, which has a great impact on video retrieval.
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Literature [20] combines image entropy and density clus-
tering to extract further features from key frames in gesture
video, so that the recognition efficiency can be improved. In
addition, a feature fusion strategy is proposed to further
improve the feature representation so as to improve the recog-
nition performance. In order to overcome the great change of
face quality in video stream and to improve the processing
speed of facial recognition system, a key frame extraction
(KFE) engine with graphics processing unit acceleration based
on convolution neural network is proposed in reference [21,
22]. The purpose of this paper is to extract the key frames of
high-quality human face correctly and quickly. The KFE
engine based on CNN can greatly reduce the total face pro-
cessing time in video recognition and improve the recognition
accuracy of the back-end of face recognition. And the KFE
engine proposed by this method is suitable for different facial
recognition backbends. An effective key frame extraction tech-
nique is proposed in reference [23]. This method detects key
frames effectively by extracting the unified local binary pattern
of video frames. The distance between the unified local binary
patterns of consecutive frames is calculated and compared
with the threshold to extract key frames.

According to the above literature, in the process of key
frame-based extraction, although the motion features in
the video can be retrieved, there are the following three
problems:

(1) The detection is not accurate. The phenomenon that
the detected image is not detected or the detected
image is a nonathlete motion process, resulting in
errors caused by the fact that the extracted features
do not contain motion features

(2) In the mass video, there is a large amount of calcula-
tion for comparing each frame when retrieving
video, and the retrieval speed is limited to some
extent

In order to solve these problems, a retrieval method of
multisource feature fusion is proposed in this paper. The
algorithm block diagram is shown in Figure 1. The algo-
rithm combines RGB video features with depth video fea-
tures. Finally, the multifeature image fusion algorithm is
used to fuse the two kinds of video features to realize the
motion feature retrieval.

The feature utilization of single feature is not as high as
that of multifeature. Therefore, RGB image is used for seg-
mentation effect is also very good, but multisource features
work better than RGB images alone. Therefore, RGB images
are first used for detection in this paper, and then directional
gradient histogram is used for feature representation of
depth video frames.

3. Retrieval Algorithm Based on Multisource
Feature Fusion

3.1. RGB Video Feature Representation. In the video of human
interactive behavior, spatiotemporal points of interest can cor-
rectly locate the regions with obvious motion in the video
sequence with less information and have strong robustness
to environmental changes and local occlusion [24, 25]. The
algorithm based on spatiotemporal interest point representa-
tion behavior is widely used in the field of human behavior
recognition; so, this paper uses the combination of spatiotem-
poral interest point and visual word bag (VWB) model [26] to
represent the feature of RGB video.

As shown in Figure 2, the two-person interactive behav-
ior representation algorithm using the combination of spa-
tiotemporal interest points and word bag model consists of
three parts: spatiotemporal interest detection, feature
description, and dictionary establishment. This clustering
algorithm is nearest neighbor clustering algorithm, and the
time-consuming in this algorithm is very little.
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Figure 1: Algorithm structure block diagram.
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Two separate linear filters of space and time are applied
to the detector to extract rich spatiotemporal points of inter-
est from the video sequence to fully capture the characteris-
tics of human behavior in the video sequence. Here, it is
applied to the local feature extraction of two-person interac-
tion in color video, and its expression is as follows:

RGB = A•Gau ssð Þ•Thð Þ2 + A•Gau ssð Þ•Twð Þ2: ð1Þ

Among them, Gau (a, b; ss) is a two-dimensional Gauss-
ian smoothing kernel function, which is used for spatial
domain filtering.

Gau a, b ; ssð Þ = e− a2+b2ð Þ/2ss2
2πss2 : ð2Þ

Among them, Th and Tw are the orthogonal compo-
nents of one-dimensional Gabor function, which are used
for time domain filtering.

Th = cos 2pwt2
� �

e−
t2
tt2 ,

Tw = sin 2πwt2
� �

e−
t2
tt2 :

ð3Þ

Among them, ss and tt correspond to space and time
scale, respectively.

The detected points of interest need to meet two condi-
tions: the response function thr is larger than the set thresh-
old, and the local maximum is obtained in a certain
neighborhood. The selection of the threshold size can con-
trol the number of detected points of interest.
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The 3D-SIFT method [27] is used to describe the points
of interest, and the steps are as follows:

(1) The spatiotemporal cube is extracted from the neigh-
borhood around the point of interest and divided
into fixed-size unit subcubes

(2) The polyhedral sphere is used to calculate the spatio-
temporal gradient histogram of each unit cube

(3) All the unit cube histograms are combined to form
3D-SIFT descriptors of spatiotemporal points of
interest

In this paper, the cube with the size of H ×W × C pixels
is divided into N subcubes. J faces are used to describe k gra-
dient directions; so, the feature dimension of each point is
thr× sC, which is used to describe the spatiotemporal inter-
est features of interactive behavior.

A simple and effective K-means clustering algorithm is
used to cluster all feature vectors. First, K samples are ran-
domly selected as the clustering center in the data set.
According to a certain similarity measure, all samples are
divided into the classes represented by the nearest cluster
center, and K clusters are formed. Then, recalculate the clus-
ter centers for the K clusters and reclassify the samples
according to the new clustering center. This iteration con-
tinues until the criterion function of formula (4) converges.

Y =〠
i=1

〠
j∈Ci

j − μið Þ2, ð4Þ

where Y is the sum of the square errors of all the
research objects, j is the point of space, that is, the data
object, and μi is the average value of the cluster Ci.
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Figure 4: Experimental results under different parameters ss.
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Each clustering center is regarded as a word in the dic-
tionary, and each feature vector is represented by the word
closest to it. Then, count the frequency of the words in the
dictionary in the video and construct the histogram repre-
sentation of the video.

3.2. Depth Video Feature Representation. Depth image, also
known as distance image, refers to the image that takes the
distance from the image collector to each point in the scene
as the pixel value. When there is a certain distance between
the foreground and the background of the human body, the
depth image can be directly reflected by the grayscale value
information. Considering that HOG [28] can better extract
and represent the edge information around the human body,
the HOG feature is selected for the global representation of
depth video. In this paper, the frame difference method is
used to detect the moving target in the range image.

The construction of HOG feature is realized by calculat-
ing and counting the gradient direction histogram of the
local region of the image. The extraction operation for the

gradient can not only capture the contour and texture infor-
mation but also reduce the impact of illumination changes.
The gradient of the Abscissa and Abscissa directions of a
pixel ði, jÞ can be expressed as

Ti i, jð Þ = A i + 1, jð Þ − A i − 1, jð Þ,
T j i, jð Þ = A i, j + 1ð Þ − A i, j − 1ð Þ,

ð5Þ

where Ti ði, jÞ, T j ði, jÞ, and A ði, jÞ represent the hori-
zontal gradient, vertical gradient, and pixel value at the pixel
point in the input image, respectively.

The amplitude and direction of the gradient at the pixel
ði, jÞ are expressed as follows:

T i, jð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Ti i, jð Þð Þ + T j i, jð Þ� Ti i, jð Þ − T j i, jð Þ� �q

,

α i, jð Þ = cot Ti i, jð Þ
T j i, jð Þ :

ð6Þ
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Figure 5: Experimental results under different parameters tt.
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HOG feature extraction is carried out in the region
where the moving target is located. That is, the gradient
image is equally divided into j × k nonoverlapping subre-
gions, and the contribution weight of the gradient of pixels
in each region to K different directions is calculated, which
is superimposed on all gradient directions to construct the
gradient direction histogram. Finally, the j × k × K dimen-
sional feature vector of the moving object in each frame is
obtained.

In order to effectively integrate with the feature of the
point of interest, the statistical feature of key frame is used
to represent the depth video. That is, the K-means clustering
method is used to generate the key frame feature library for
the HOG features of the training video. Then, according to
the similarity measure function, the frequency of all the
frame features in a video to be tested in the key frame feature
library is counted, and the statistical histogram representa-
tion of the depth video is obtained.

3.3. Multifeature Image Fusion Method. In this algorithm,
the input is n different feature graphs F ðv, e,wÞ = fF1, F2,:
⋯ g, and the fused graph F ′ = ðv, e,wÞ satisfies the follow-
ing conditions:

v = lim
n⟶∞

〠
n

d=1
vd ,

e = lim
n⟶∞

〠
n

d=1
ed ,

w i, jð Þ = lim
n⟶∞

〠
n

d=1
i ∗wd i, jð Þ:

ð7Þ

Figure 3 intuitively shows the fusion process. First, all
the nodes existing in the graph are put into the new graph.
For two of the nodes p and q, if there are edges between
them in multiple graphs, the edge weight wi ðp, qÞ is added
as the edge weight of the new graph w ðp, qÞ. If there is no
edge between two nodes in any graph, then no edge is added
in the new graph, and it can be considered that there is an
edge between them with an edge weight of 0.

On this basis, this paper adds the shortest edge clustering
algorithm. Firstly, the TTNG map is built by using the initial
retrieval sequence matrix of multiple features, and the local
TTNG map of each sample is merged into a large image.
The edge weights between two nodes are set to the sum of
edge weights in two local graphs, and n TTNG graphs are
obtained. Finally, the shortest edge clustering algorithm is
used for the nodes in the graph to get the reordering
sequence.

In this algorithm, the complexity of constructing a graph
is O ðk3 · log2kÞ, and the total time of M graphs is O ðM · k3
· log2kÞ. The complexity of TTNG constructed graph is O ð
k2Þ, and the complexity of integrating M graphs is O ðM ·
k2Þ. The complexity of shortest edge clustering algorithm is
O ððnðn + 1Þ/2Þ2Þ, and the complexity of retrieving results
from the graph is O ðK · log2kÞ. To sum up, the time com-

plexity of the whole algorithm is O ðM · k3 · log2k + ð2M +
1ÞK2 + ðnðn + 1Þ/2Þ2 + K · log2kÞ.

4. Experimental Results and Analysis

4.1. Selection of Parameters. This section compares the char-
acteristics of the features under different parameters ss, tt,
and the classification ability of the two features at the same
scale. Among them, the feature learning dimension is set
to [64, 128, 256, 512].

Compared with the depth video feature, the RGB feature is
more than 90% sparse on average at the same feature size, and
the dynamic ratio is doubled (as shown in Figures 4 and 5).
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Table 1: Retrieval results of different features.

Features RGB HOG

Retrieval accuracy

Near 0.81 0.72

Far away 0.56 0.67

Exchange 0.78 0.71

Hug 0.95 0.93

Boxing 0.95 0.91

Push 0.78 0.83

Shake hands 0.93 0.88
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The two kinds of features are applied to retrieval and recogni-
tion at the same time, and the recognition experimental results
also show that the accuracy of RGB features is more improved
than that of deep video features. The recognition effect of the
256-dimensional feature has been 0.93, which is much higher
than that of the traditional coefficient feature.

4.2. Retrieval Results of Different Features. It can be seen from
Table 1 that the recognition effect of “Push” and “Far Away”
interactive action of the feature representation used in RGB
video is worse than that of HOG feature in depth video, while
the recognition effect of “Hug” is better. For two-person inter-
active action recognition, the depth image carries more action
information; so, the recognition rate based on the depth image
is much higher than that of the RGB video.

According to Figure 6, we can draw the following con-
clusions: multifeature retrieval has higher retrieval efficiency
than single-feature retrieval, and the recall rate of retrieval is
improved. The use of a single feature for retrieval is always
subject to many limitations, and the retrieval efficiency is
not ideal. The comprehensive use of multifeature retrieval
can achieve the effect of complementary advantages. For
each single feature, the optimal weight distribution is
obtained to improve the retrieval efficiency.

4.3. Feature Image Fusion Result. The video retrieval frame-
work proposed in this paper mainly includes three parts: fea-
ture extraction, reordering, and extracting reordering from
the graph. First of all, the features of the video samples are
extracted, and the RGB features and depth features are

obtained, respectively. The TTNG mapping method is used
to fuse the two, and the shortest edge clustering algorithm
proposed in this paper is implemented. Finally, the MFR
algorithm is used to extract the rearrangement sequence
from the graph and return the retrieval results.

The retrieval results of the first 20 samples of the multi-
feature fusion SEC algorithm in the three types of data sets
are shown in Figure 7, in which the rearrangement results
of TTNG and SEC algorithms are the optimal results
selected after many iterations. As can be seen from the fig-
ure, the fusion effect of the TTNG algorithm on the two fea-
tures used in this paper is not very good, because the two
features are extracted using the same network and do not
meet the conditions that are independent of each other.
SEC algorithm has a further improvement on the basis of
TTNG and finally can get a better rearrangement effect.

Figure 8 shows the accuracy of the first 20 retrieval
results of the proposed video retrieval framework on three
types of data sets and seven types of data sets, respectively.
On the three types of data sets, the accuracy of the first 20
search results is 52.88%, which is 5.76% higher than that of
RGB features and 13.84% higher than that of HOG features.
On the seven types of data sets, the accuracy of the first 20
search results is 28.75%, which is 5.78% higher than the
RGB feature and 17.88% higher than the HOG feature.

Next, we will continue to test the event classification
after multifeature fusion based on the optimal training
model, and the results are shown in Table 2. As can be seen
from Table 2, the average classification accuracy of the five
types of events after multifeature fusion can reach 71.856%.
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Figure 8: Precision and recall on different data sets.

Table 2: Confusion matrix after multifeature fusion.

3-pointer Free throw Layup Dunk Snatch off Accuracy

3-pointer 393 3 92 3 67 0.724

Free throw 3 153 7 0 3 0.961

Layup 72 32 823 17 171 0.747

Dunk 19 3 3 11 7 0.268

Snatch off 14 8 45 0 392 0.893

Average accuracy — — — — — 0.718
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4.4. Retrieval Performance of Different Algorithms. In order
to prove the performance of the proposed method, the pro-
posed method is compared with the global feature-based
method (GF) [29], spectral hash (SPH) [30], literature [22],
and literature [23], respectively. In addition, in order to
prove the mutual assistance between different features in
the proposed method, this paper also uses a single level of
features to carry out experiments. The experimental results
are shown in Figure 9. Figure 9 shows the comparison of
the PR curve of each method, and the PR curve is one of
the most commonly used evaluation indexes. From the curve
of Figure 9, we can also see that the method proposed in this
paper is obviously better than other comparison methods.

5. Conclusion

Multiperson collaborative sports video analysis is not only
one of the most important research directions in the field
of computer vision but also a very challenging task. How
to help viewers quickly identify interesting clips from a large
number of videos has become particularly important. In
order to solve this problem, this paper takes the video of bas-
ketball game as the research object to analyze the event.
According to the characteristics of RGB image and depth
image, a retrieval algorithm based on the fusion of RGB fea-
ture and depth feature is proposed. The algorithm makes full
use of the respective advantages and complementary charac-
teristics of the two kinds of video information and adopts a
feature representation method which is suitable for the two
kinds of video. Compared with the single feature representa-
tion method, the retrieval performance of multiple feature
representation methods is up to 71.856%. Compared with
the existing methods, the method proposed in this paper
can make full use of the complementarity between different
levels of features, make up for the defects of low-level artifi-
cially defined features in semantic expression, and finally
achieve more efficient retrieval performance. Experiments
in this paper also prove the effectiveness of the proposed
method. This paper makes a preliminary exploration on
multifeature fusion, and then we can consider integrating

more features to further improve the retrieval efficiency
and achieve the purpose of practical application.
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