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Passing is a relatively basic technique in volleyball. In volleyball passing teaching, training the correct passing technique plays a
very important role. *e correct pass can not only accurately grasp the direction of the ball point and the drop point but also
effectively connect the defense and the offense. In order to improve the efficiency and quality of volleyball passing training,
improve the precise extraction of sport targets, reduce redundant feature information, and improve the generalization per-
formance and nonlinear fitting capabilities of the algorithm, this paper studies volleyball based on the nested convolutional neural
network model and passing training wrong movement detection method. *e structure of the convolutional neural network is
improved by nesting mlpconv layers, and the Gaussian mixture model is used to effectively and accurately extract the foreground
objects in the video.*e nested multilayer mlpconv layer automatically learns the deep-level features of the foreground target, and
the generated feature map is vectorized and input to the Softmax classifier connected to the fully connected layer for passing
wrong behavior detection in volleyball training. Based on the detection of nearly 1,000 athletes’ action datasets, the simulation
experiment results show that the algorithm reduces the acquisition of redundant information and shortens the calculation time
and learning time of the algorithm, and the improved convolutional neural network has generalization performance and
nonlinearity. *e fitting ability has been improved, and the detection of abnormal volleyball passing behaviors has achieved a
higher accuracy rate.

1. Introduction

1.1. Volleyball Passing Technique. For volleyball, passing
technique is a very basic technique. To be able to pass the ball
accurately, it is necessary to have the corresponding passing
technique. *e volleyball passing technique seems simple,
but it is actually a very delicate and complex technique that
requires high wrist strength. In the process of volleyball
passing training, after the students learn the movements for
the first time, the connection between the nerves and
muscles of the main body of the movement is not precise, so
wrong movements are often accompanied during the
movement, so how to correct them in the process of vol-
leyball passing teaching and preventing wrongmoves are the
basic requirements for physical education teachers to im-
prove the quality of volleyball teaching. According to rel-
evant investigations and studies, in the past correction of

volleyball passing training actions, wrong actions could not
be accurately detected, so wrong actions could not be
corrected in time [1–3]. Driven by the general trend of
international sports, volleyball sports activities continue to
enter people’s field of vision, and people begin to pay at-
tention to volleyball training [4, 5]. In the actual training
process, the volleyball passing technique seems relatively
easy, but it is relatively difficult to learn. In the process of
passing technique learning, many students often have un-
coordinated body movements, and their fingers and wrists
are obviously insufficient. It is easier to rub hands when
passing volleyball. Many students have different situations
such as being afraid of passing.*is leads to more difficulties
in teaching volleyball passing techniques. In this case, it is
required to pass training in volleyball. Instructors in the
middle school can effectively point out and correct the
wrong actions of the athletes [6].
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1.2. %e Role of Neural Networks. In recent years, pattern
recognition using machine learning to build detectors has
been successfully applied in the field of visual detection, such
as face recognition and car recognition [7]. For the detection
of volleyball players, there are two main challenges: first, the
target may be distorted due to the change of posture and
scale [8]. Second, the resolution of the image is low, and the
target object may be represented less than 200 pixels. At
present, a new method for athlete detection in sports videos
is the AdaBoost algorithm [9], which firstly extracts Har
features from rectangular images of athletes and then uses
AdaBoost algorithm to cascade weak classifiers to build
strong classifiers [10], achieving good detection perfor-
mance. However, it needs too many features, the detection
speed is slow, and it cannot meet the real-time requirements
well. With the further development of research in related
fields, convolutional neural networks have been widely used
in the process of human action recognition [11] and target
detection [12]. It can realize the further processing of the
action samples, which leads to the poor applicability of
applying this method to the detection of wrong actions in
physical education training.

*erefore, in order to make up for the abovementioned
deficiencies in the process of volleyball passing training
wrong action detection, this paper proposes an improved
convolutional neural network crowd abnormal behavior
recognition method, which improves the convolutional
neural network structure by nesting mlpconv layers and uses
a mixture of Gaussian models to effectively and accurately
extract foreground targets in volleyball passing videos. *e
nested multilayer mlpconv layer automatically learns the
depth-level features of foreground targets, and the generated
feature maps are vectorized and input to the Softmax
classification connected to the fully connected layer detec-
tors for abnormal behaviors in volleyball passing training.
*e simulation experiment results show that the algorithm
reduces the acquisition of redundant information and
shortens the calculation time and learning time of the al-
gorithm, and the improved convolutional neural network
has improved generalization performance and nonlinear
fitting ability, and it is abnormal for volleyball passing.
Behavior detection achieves a high accuracy rate.

*e remaining structure of this paper is organized as
follows: Section 2 introduces convolutional neural network
architecture. Section 3 gives the detailed design on volleyball
passing training scheme. Section 4 reports the rich results.
Finally, Section 5 concludes this paper.

2. Convolutional Neural Network Architecture

A convolutional neural network [13] is a hierarchical neural
network based on local connections between neurons.
Compared with traditional machine learning methods, it has
a more complex network structure and more powerful
feature learning and expression ability. *e visual mode is
decomposed into multiple submodes, and the submodes are
processed by the feature planes connected step by step, so
that the target can be well recognized even with small
distortion [14].*e convolutional neural network consists of

six different types of convolutional layers. *e input layer
receives 21× 43 grayscale images, and C1 input images are
convolved. *e layer consists of four feature maps, each
sharing an acceptance field and a bias. *e S1 layer performs
a secondary sampling and local average operation on the
image to form four feature maps. *e secondary sampling
operation reduces the two dimensions of the input and
enhances the invariance of image translation, scaling, and
deformation. In addition, the output of the mixed feature
map combines different features, which helps to extract
more complex information. *e C2 layer is not completely
connected with the S1 layer, and the output image of the S1
layer is convolved in the 3× 3 acceptance domain to generate
14 feature maps.*e S2 layer has the same function as the S1
layer and consists of 14 feature maps. Each neuron in the N1
layer is connected to the feature map of the S2 layer. *e N2
layer is the output layer and is fully connected to the N1
layer. *e N2 layer uses a typical sigmoid neuron. After
completing feature extraction and input dimensionality
reduction, the role of the N1 and N2 layers is to perform
output classification. *e output of the neurons in the N2
layer is the identifier of the input image for the athlete or
nonathlete, −1 for nonathletes and +1 for athletes.

3. Proposed Volleyball Passing Training
Detection Scheme

3.1. Detection and Extraction of Volleyball Passing Movement
Targets. In actual volleyball passing training, especially in
outdoor sports, the environment and background of the
sports target are constantly changing, and there are often
some nontarget small sports in the background of the video
image, such as throwing volleyball and shaking. In order to
avoid the influence of background transformation and in-
terfering targets on the detection effect of volleyball passes,
the researchers proposed a mixture of Gaussian background
modeling. If the difference between the gray value of the
target area and the background information in the video
image is large, the gray histogram of the video image is a
double-peak-valley type, where one peak represents the
moving target and the other peak represents the background
of the image. For more complex images, the resulting
grayscale histogram is multimodal, which can be seen as
using multiple single Gaussian models to describe the
change of a certain pixel over a period of time, which is a
mixed Gaussian background modeling. In short, the mixed
Gaussian background modeling is to accurately describe the
characteristics of the pixels. By setting multiple Gaussian
models for each pixel to improve its ability to describe the
background, the purpose of accurately describing the image
background is achieved, thereby obtaining a complete
moving target. *e number of Gaussian models usually
selected in different documents is between 3 and 5 [15]. For
more complex scenes, a larger number of models are chosen
to improve the model’s ability to describe the background.
For simpler scenes, choosing a small number of models can
avoid overdepicting the background by the model and
causing the loss of moving targets [16].
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At present, there are three main methods of passing
target detection in volleyball training videos: optical flow
method, interframe difference method, and background
difference method [17]. In this paper, the Gaussian Mixture
Model (GMM) [18] in the background difference method is
selected. Compared with other methods of foreground target
extraction, this model can not only successfully detect
volleyball passing targets but also reduce the influence of
small repetitive objects in the background scene on fore-
ground target detection. For the detection of passing targets
in volleyball training videos, firstly, Gaussian distribution is
used to establish a background model for each pixel, and
then background model parameters are automatically
updated. Finally, the successful detection and extraction of
passing targets in volleyball training videos are realized.

3.1.1. Mixed Gaussian Background Modeling. For any pixel,
its historical pixel sequence can be traced as follows:

x1, x2, . . . , xt  � Fi(x, y), 1≤ i≤ t , (1)

where Fi(x, y) is the gray value at the i moment.
At time t, the calculation formula of the probability

function of the pixel (x, y) is as follows [19]:

p Ft(x, y)(  � 
k

i�1
Hi,t × η Ft(x, y), μi,t, 

i,t

⎛⎝ ⎞⎠, (2)

where Hi,t is the i model weight value at time t; μi,t is the
mean value of the i Gaussian distribution at time t; i,t is the
covariance at time t; and η(Ft(x, y), μi,t, i,t) is the prob-
ability density function at time t. *e calculation formula is
as follows:
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Ft(x, y) − μi,t ⎛⎝ ⎞⎠. (3)

3.1.2. Update of Gaussian Mixture Model Parameters.
*e Gaussian distribution of the frame pixel value Fi(x, y)

is sorted according to the priority, and formula (4) is
satisfied, indicating that the frame pixel value Fi(x, y)

matches the Gaussian distribution i successfully, and the
parameters of the Gaussian distribution of the frame pixel
value Fi(x, y) follow formula (4) and equation (8) is
updated; equation (4) is not satisfied, the frame pixel value
Fi(x, y) matches the Gaussian distribution unsuccessfully,
the parameters of the Gaussian distribution remain un-
changed, and the weight value is updated according to
equation (9).

Ft(x, y) − μi,t−1


<D × σi,t−1, (4)

Hi,t � (1 − α)Hi,t−1 + α, (5)

μ � (1 − β)μi,t−1 + βFi(x, y), (6)

δ2i,t � (1 − β)δ2i,t−1 + β Ft(x, y) − μi,t− 1 
T

Ft(x, y) − μi,t−1 , (7)

β � αη Ft(x, y) | μ, δi,t , (8)

Fi,t � (1 − α)Fi,t−1 + α, (9)

where α and β, respectively, represent the learning rate and
update rate of the Gaussian mixture model.

3.1.3. Extraction of Volleyball Pass Target by the Gaussian
Mixture Model. After the Gaussian mixture model of each
pixel is generated, the Gaussian distribution is arranged in
descending order according to the value of ψ/μ, and the first
B Gaussian distribution is obtained as the backgroundmodel
[20]. *e formula is as follows:

B � argmin
b

i−1
ψi,t >T, (10)

where T is the set threshold.
*e first B Gaussian distribution is obtained as the

background model, and the current pixel value Fi(x, y) is
matched with the generated background. If the current pixel
value Fi(x, y) is not successfully matched with the generated
background, then the current pixel Fi(x, y) is a good target
for volleyball passing. Otherwise, the current pixel Fi(x, y)

point is the background point. After the above process, the
Gaussian mixture model realizes the detection and extrac-
tion of the passing target in the volleyball training video.

3.2. Obtaining Volleyball Pass Characteristic Information

3.2.1. Mlpconv Layer. *e mlpconv layer consists of a linear
convolutional layer and a multilayer perceptron (MLP), and
the input mapping in the local perception field of view
corresponds to the feature vector. *e mlpconv layer uses
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multiple fully connected layers with nonlinear activation
functions to extract the feature information of the volleyball
pass target, converts the extracted feature information into a
feature map, and then uses the feature map as the input of
the next layer [21].

*e calculation process of the mlpconv layer is as
follows:

g
1
i,j,k1

� max H
1T
k1

xi,j + bk1
, 0 ,

g
2
i,j,k2

� max H
2T
k2

g
1
i,j + bk2

, 0 ,
(11)

g
n
i,j,kn

� max H
nT
kn

g
n−1
i,j + bkn

, 0 , (12)

where (i, j) is the position of the pixel in the feature map, xi,j

is the input block centered at the pixel point (F, j), k1, k2,
and kn are the channel numbers in the feature map, and n is
the number of MLP layers.

3.2.2. Batch Normalization Technology. In the neural net-
work learning process, with the changes of the parameters of
each layer, especially the algorithm’s learning rate and
weight initialization, it will take a long time to find a suitable
value, which reduces the training speed of the neural net-
work. When using a saturated nonlinear activation function
to train a neural network model, the input data will mis-
takenly enter the saturation region of the activation function,
which reduces the convergence speed of the neural network.

Ioffe et al. [22] used BN (Batch Normalization) tech-
nology to standardize the input of each layer to solve the
above problems. BN technology makes the input data have
zero mean and unit variance:

xi,j,n �
xi,j,n − E xn 

�������
Var xn 

 . (13)

After normalization, the parameters need to be scaled
and translated accordingly:

gi,j,n � cnxi,j,n + βn, (14)

where xi,j,n is the value of the input data at position (i, j), n is
the channel number in the feature map, and cn and βn are the
newly introduced zoom and translation parameters in
network training.

3.3. Building a Nested Model of the Convolutional Neural
Network. *e core idea of the convolutional neural network
nested model is as follows: the nested network model can
automatically learn deep-level features excellently.*e deep-
level features acquired by this model are mainly local fea-
tures. When the nested network model obtains the feature
information of the moving target, especially in the separa-
tion of the target in the background, the local features will
play an important role. In addition, the nested network
model also has a certain degree of robustness when dealing
with drastic changes in the background target.

When the network nested model is trained, first, the
weights of the convolutional neural network model is

initialized containing a single mlpconv layer, and then the
convolutional neural network is trained. *e entire training
process is over, and the weights of the single mlpconv layer
are updated; then, it is connected to the second mlpconv
layer. *e input of the second mlpconv layer is the output of
the first mlpconv layer. *e weights of the second mlpconv
layer are initialized, and then the convolutional neural
network is trained. *e whole training process is over, and
an update of the weight of the second mlpconv layer is
received. When a new mlpconv layer is added, weight ini-
tialization, convolutional neural network training, and
weight update are performed according to the above process.

In addition, the use of BN technology after the convo-
lution calculation also enables the nonlinear unit to produce
a relatively stable distribution and achieve the effect of
desaturation. *e BN operation is added to the nested
mlpconv layer, and the calculation method of the feature
map in the model is as follows:
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where BN(g) represents the BN layer, (i, j) is the position of
the pixel in the feature map, xi,j is the input block centered
on the pixel point (i, j), k1, k2, and kn are the channel
numbers in the feature map, and n is the MLP layer number.

4. Experiment and Result Analysis

On 3.0GHz CPU, 64bit Windows 7 operating system,
MATLAB 2016a, and Open CV are used as development tools
for simulation experiments. In order to prove the effectiveness
of the intelligent and efficient volleyball pass training detection
modeling method based on convolutional neural network, an
experiment is needed. *e experimental objects were collected
from the data collection of volleyball passing training of 1,000
students in a physical education college. Two indoor and
outdoor scenes and different shooting angles were selected to
record different volleyball passing behaviors. *e input data is
to crop each frame into 80× 60 grayscale images. *e con-
volution kernels used in the three convolutional layers of the
convolutional neural network model are 9× 7, 7× 7, and 6× 4
scales. *e convolution kernels used in the two downsampling
layers are all 3× 3 scales. *e input 80× 60× 9 volleyball pass
video block is finally transformed into a 128-dimensional
feature vector. On this basis, all experimental data are divided
into two groups, one group is used for deep convolutional
neural network training and the other group is used for ex-
perimental testing.

4.1. Experimental Results. During the experiment, the
dataset used in this article is a nonpublic dataset. Machine
vision technology is used to capture volleyball passing
training actions, and the captured results are denoised and
enhanced to improve the accuracy of the experimental re-
sults. In the simulation experiment, quantitative evaluation
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adopts the AUC evaluation index, equal error rate (EER) and
running time (Time), and other indexes. *is paper selects
algorithms that have achieved better recognition rates in the
above databases for comparisons, such as TCP model [23],
AMDN (double fusion) model [24], Motion Energy model
[23], SpatioTemporal Convolutional Neural Network (ST-
CNN) model [25], and Commotion model [26]. It can be
seen from Table 1 that, using frame-level measurement tests,
the algorithm in this paper has an advantage in EER and
AUC evaluation indicators, and the algorithm has been
improved in terms of time-consuming.

Six methods are used to detect volleyball passing training
wrong actions on experimental samples, the error rate of
different methods of volleyball passing wrong action detection
is compared, and the comparison results are used to measure
the comprehensive effectiveness of six different methods for
detecting volleyball passing training wrong actions. *e
comparison results are shown in Table 2. Analyzing Table 2
shows that with the continuous increase of the number of
experiments, the detection error rate of the method in this
paper for volleyball passing training errors has beenmaintained
at a low level. *e average error rate of error detection for
volleyball passing training in this paper is about 0.027%, which
is lower than other methods. When using the method in this
paper to detect the wrong action of volleyball passing training,
the error can be controlled within a reasonable area.

In order to verify the effectiveness and robustness of this
method in the detection of wrong actions in volleyball
passing training, four test indicators, ACC (accuracy rate),
TPR (sensitivity), FPR (specificity), and PPV (positive
prediction rate), are adopted. For quantitative comparison,
the specific calculation formula is described as follows:

ACC �
TP + TN

TP + TN + FP + FN
, (16)

TPR �
TP

TP + FN
,

FPR �
TP

TP + FP
,

PPV �
TP

TP + FP
.

(17)

Among them, TPmeans the number of positive samples,
which is actually the number of positive samples; FP means
the number of positive samples but actually the number of
negative samples; TN means the number of negative sam-
ples, which is actually the number of negative samples; FN
indicates the number of samples that are judged as negative,
but in fact, it is the number of positive samples. *e higher
the ACC and TPR, the lower the FPR and PPV and the better
the detection performance.

Table 3 is the test experiment result of wrong action
detection in physical education training. From Table 3,
among the six methods of volleyball passing training error
detection, the four parameters of ACC, FPR, PPV, and TPR
in this method are better than the other five methods, and
the detection accuracy of this method has reachedmore than
95%, *erefore, the experimental results verify the superior
performance of the deep convolutional neural network.

4.2. Time Complexity Analysis and Comparison. *e time
complexity of an algorithm is a function that quantitatively
describes the running time of the algorithm.

4.2.1. Time Complexity of a Single Convolutional Layer.
Time complexity refers to the computational workload re-
quired to execute the algorithm. *e time complexity of a
single convolutional layer is calculated as follows:

Time ∼ O P
2

· Q
2

· Cin · Cout , (18)

where P represents the side length of each convolution
kernel output feature map; Q represents the side length of
each convolution kernel; Cin represents the number of
channels of each convolution kernel, that is, the number of
input channels (number of output channels of the previous
layer); and Cout represents the number of convolution
kernels in the convolution layer, that is, the number of
output channels.

It can be seen from equation (16) that the time com-
plexity of the convolutional layer is determined by the
output feature map area P2, the convolution kernel area Q2,
the input Cin, and the number of output channels Cout; the
size of the output feature map is in turn determined by the
input matrix size X, and the size of the convolution kernel is
determined by Q. *e and the expression of the side length P

of the output feature map is as follows:

P �
(X − Q + 2 × Padding)

Stride
. (19)

4.2.2. %e Overall Time Complexity of the Convolutional
Neural Network. *e complexity of a single-layer convolu-
tional neural network is calculated by equation (16).*e overall
time complexity of a convolutional neural network (including
multilayer structure) is the sum of the time complexity of each
layer. *e calculation formula is as follows:

Time ∼ O 
D

l�1
P
2
l · Q

2
l · Cl−1 · Cl

⎛⎝ ⎞⎠, (20)

where D represents the number of convolutional layers of
the neural network, that is, the network depth; l represents
the lth convolutional layer of the neural network; C1 rep-
resents the number of output channels of the lth convolu-
tional layer of the neural network Cout, that is, the number of
convolution kernels in this layer; the number of input
channels of the lth convolutional layer; and X5 is the number
of output channels of the (l−1)th convolutional layer.

In terms of time complexity, this article selects the TCP
model, AMDN (double fusion) model, motion energy
model, spatio-temporal convolutional neural network
model, and commotion model to compare with the algo-
rithm in this paper. From equation (12), the time complexity
of each algorithm can be calculated. Because the specific
parameter data of each algorithm are not clear, this article
only calculates which order the time complexity of the al-
gorithm belongs to. *e common time complexity

Mobile Information Systems 5



relationship is O(1)<O(log n)<O(n)<O(n log n)<
O(n2)<O(n3).

As shown in Table 4, the time complexity of this algo-
rithm and other algorithms is mostly on the O(n log n)

order. Analyzing the neural network structure model of
other algorithms, the output feature map area P2, the
convolution kernel area Q2, the input Cin, and the output
channel number Cout are all more complicated than the
algorithm in this paper. It can be concluded that the al-
gorithm in this paper is better than other algorithms in terms
of time complexity.

5. Concluding Remarks

Since the traditional methods cannot accurately obtain the
characteristics of the wrong movements in volleyball passing
training, resulting in the decrease of detection accuracy, this
paper proposes a method for detecting the wrong move-
ments in volleyball passing training based on a convolutional

neural network. *e convolutional neural network structure
is improved by the nested mlpconv layer. *e mixed
Gaussian model is used to extract the passing target from the
volleyball training video sequence effectively and accurately.
*emixed Gaussian model shows robustness in the complex
scene background, which can not only successfully detect the
volleyball passing training target but also reduce the in-
fluence of the small repetitive objects in the background
scene on the passing target detection. *e nested multilayer
mlpconv layer automatically learns the deep-level pass
features of the volleyball target that has been extracted, and
the improved convolutional neural network reduces the
acquisition of redundant information. Experiments show
that the method can effectively detect the wrong actions of
the athletes during the volleyball passing training process,
the detection accuracy is high, the detection error can be
effectively controlled, and the wrong actions can be accu-
rately judged in time. And the improved convolutional
neural network has excellent generalization performance
and nonlinear fitting ability.
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Table 1: AUC and EER used for the frame and pixel-level comparison on the datasets.

Algorithm EER (%) AUC Time (s)
TCP 19.5 0.802 0.34
AMDN 18.6 0.909 0.26
Motion energy 22.1 0.923 0.13
ST-CNN 25.5 0.895 0.52
Commotion 22.8 0.872 0.28
*is paper 16.2 0.936 0.12

Table 2: Detection results of wrong actions in physical education training.

Number of experiments/time
Error rate (%)

TCP AMDN Motion energy ST-CNN Commotion *is paper
200 0.092 0.098 0.086 0.132 0.076 0.024
400 0.095 0.108 0.123 0.191 0.085 0.017
600 0.088 0.082 0.092 0.255 0.126 0.036
800 0.097 0.089 0.102 0.234 0.089 0.012
1000 0.086 0.072 0.089 0.145 0.097 0.047

Table 3: Detection results of wrong actions in physical education training.

Test index ACC TPR PPV FPR
TCP 0.892 0.802 0.142 0.086
AMDN 0.835 0.909 0.264 0.032
Motion energy 0.868 0.923 0.138 0.097
ST-CNN 0.814 0.895 0.129 0.112
Commotion 0.886 0.872 0.282 0.062
*is paper 0.976 0.966 0.087 0.013

Table 4: Time complexity of the algorithms.

Algorithm Time complexity
TCP O(n2)

AMDN O(n3)

Motion energy O(n2)

ST-CNN O(n2)

Commotion O(n2)

*is paper O(n log n)
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