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In daily physical education, posture performance is an important basis for making excellent results. This paper explores an
intelligent method to estimate the target pose based on adaptive attention mechanism. First, the regional attention is iteratively
generated from a global level to a local level based on the attention mechanism. Human decision-making patterns are imitated to
evaluate the eﬀectiveness of regional attention in real time. The level of attention mechanism is adaptively adjusted and focused
layer by layer to achieve precise target detection and tracking. Second, with the target frame obtained from each frame, the pose
estimation algorithm ﬁnds the key points of human body, enabling the human body pose optimization strategy to solve the
crossover problem of the key points. Results of experiments on sports video images show that the proposed method has a higher
accuracy in pose estimation than other algorithms and can help sportsmen adjust their training methods scientiﬁcally.

1. Introduction
Nowadays, sports results account for an increasing proportion of a student’s total academic results. In daily physical
education, posture performance is an important basis for
giving excellent results. As physical teachers have always
acquired the information about pose of students via ﬁeld
observation, there are many problems such as one-sidedness
of information extraction and low teaching eﬃciency. With
the development of the video technology, it is likely to intelligently analyze the pose using deep learning, which
provides technical support for daily physical education.
Pose analysis includes target tracking and pose estimation, between which the former, as the prerequisite for
analyzing and detecting the region of interest in the video,
has been widely applied to a variety of scenarios. Target
tracking algorithms can be roughly divided into the following two: (1) the algorithms that glean the information
about target position, size, etc., by predicting the score map
of the candidate area, but cannot perceive the aspect ratio of
the target [1, 2]; (2) the algorithms that position the target

accurately by carrying out bounding box regression, and
making use of deep learning to predict the aspect ratio and
adjust the predictive box [3, 4]. Among those deep learningbased target tracking methods, MDNet [5] is a masterpiece
of early CNN-based tracking algorithms, which uses multidomain network branches to ﬁt diﬀerent target objects and
then calculates the ﬁnal result by external frame regression.
SiamRPN [6] constructs a Region Proposal Network (RPN)
structure based on twin network, where the template image
and the search region use the exact same convolutional
network to extract the feature map, the classiﬁcation and
regression are carried out through two independent network
branches to determine the target location and size, and then
the external frames are optimized by regression results. On
the other hand, Fully Convolutional Network (FCN) [7] is
the classical network structure in semantic segmentation,
where all network layers use convolutional layers, and the
original image size is recovered by upsampling layers, so that
the output segmented image size is exactly the same as the
input image size. Those target tracking algorithms are still
restricted by appearance deformation, light ﬂuctuation, fast
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motion, and other problems. According to ﬁndings of
neuroscience researches, human brain cannot receive all
image information visually input. It responds to special areas
and ignores the remainder until the response is completed.
Such rapid response mechanism is called the attention
mechanism [8, 9], which is completely identical to target
tracking in essence. The attention mechanism has become an
important part of deep web designing and has been widely
applied to speech recognition, language translation, and
target tracking.
Accurate pose estimation is a prerequisite for detection
of target behaviors in video images. In the early pose estimation algorithms, complex structured prediction was
performed, and global and local features were fused to
predict the pose in a globally uniform manner [10–12]. With
the advent of deep learning, recent algorithms for pose
estimation generally use ConvNets as the main module to
predict the key points of human pose either from the top
down or from the bottom up [13–16]. Top-down approaches
usually use advanced human detectors to ﬁrst detect all
people from the image and then scale the image block
containing a single person to a ﬁxed size to send to a single
person pose estimator for prediction. Bottom-up approaches, on the other hand, do not rely on human detectors
and directly infer the location information of all human key
points in the image and group the key points to obtain the
pose of all people [17–19].
At present, artiﬁcial intelligence, represented by deep
learning, has widespread applications [20]. Multilevel
higher-order abstract features of the target object can be
obtained from shallow to deep via operations of convolutional and pooling layers, which is consistent with the human perception mode running from globally to locally.
However, the trial-and-error pattern of the target tracking
network structure leads to a shortage of universal samples in
invariant eigenspace and classiﬁcation criteria generated by
ﬁxed architecture network. Faced with similar and dissimilar
samples with diﬀerent scales, the reliability of the target
detection results of the ﬁxed-scale learning model deteriorates. The traditional deep learning-based target tracking
system can be boiled down to an open-loop system with
uncertain image inputs and unassured target outputs
[21–23]. Due to invariant eigenspace and the posterior
statistics of the target tracking results, coupled with the
absence of adaptive attention mechanisms, this system
greatly diﬀers from the human decision-making pattern that
can adaptively adjust the multilevel eigenspace and validate
the reliability of the target tracking results in real time.
Therefore, in order to solve the problems of the traditional target tracking network construction model and
imitate the human cognitive model, this paper explores an
intelligent target pose estimation method based on the
adaptive attention mechanism. First, the regional attention is
iteratively generated from a global level to a local level based
on the attention mechanism. Human decision-making
patterns are imitated to evaluate the eﬀectiveness of regional
attention in real time, and the level of attention mechanism
is adaptively adjusted and focused layer by layer to achieve
precise target detection and tracking. Second, combined
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with the target frame obtained from each frame, the pose
estimation algorithm ﬁnds the key points of human body,
enabling the human body pose optimization strategy to solve
the crossover problem of the key points. Results of experiments on sports video images show that the proposed
method has a higher accuracy in pose estimation than other
algorithms and can help sportsmen adjust their training
methods scientiﬁcally.
The innovations of this paper can be summarized as
follows: (1) an iterative generation mechanism of regional
attention from global to local is proposed; (2) a real-time
evaluation method of regional attention eﬀectiveness is
constructed; (3) an adaptive adjustment mechanism of regional attention is established.

2. Target Detection Model Based on Adaptive
Attention Mechanism
This paper proposes a target detection method based on the
adaptive attention mechanism, which is composed of convolutional layers, target positioning network, target position
feature evaluation and cropping module, etc. See Figure 1 for
its structure and functions.
First, the target detection model completes the ﬁrst
round of reliability test, by sending the input image to the
deep neural network M0 for training and getting the deep
feature map F1 . According to the entropy theory, a target
evaluation function can be established to validate the reliability of F1 . If the threshold is satisﬁed, positioning of the
target to be detected in the background image is considered
reliable, and the trained deep network is stored as the ﬁrst
model into the detection model set of the attention mechanism; otherwise, the order of attention is adaptively adjusted to provide heuristic information for the positioning
network. F1 is then input into the positioning network
weighted by the level of adaptive attention, and the target
area is clipped according to the positioning characteristics of
the output target. Adjust the clipped image to the size
consistent with that of the input image, and start the second
round of test; enter the deep neural network M1 again to
extract the deep feature map; repeat the above process to
establish the second attention mechanism detection model,
or generate a new image to be detected to initiate the next
round of test until the test requirement is met or the number
of focusing reaches the threshold. Finally, the image of the
target precisely positioned is obtained.
2.1. Reliability Test of Target Detection Results and
Adjustment Mechanism of Attention. Facing uncertain
detection/recognition results, people will adaptively adjust
their cognitive strategies to further perceive micro-information
and get more reliable results. For the feature maps extracted
by the Resnet-18 deep neural network, a reliability test is
required to provide a quantitative basis for generation of the
attention detection model and construction of the focus
relocation model.
Deﬁne the train set as U, and let U � {U1 , U2 , . . . , Uh }.
Using Resnet-18 model M0 , Uj is given the fully connected

Wireless Communications and Mobile Computing

3

Objective
evaluation
function

Feature maps
Resnet Mo
Input image
Target
location
feature

crop

Location
detection
network

Adjustment
of attention
level

N

Meeting
evaluation
index ?

The i+1th
cropped image

Y
The ith
attention
model

Objective
evaluation
function

Feature maps
Resnet Mi

Target
location
feature

crop

Location
detection
network

Adjustment
of attention
level

N

Meeting
evaluation
index ?

The qth
cropped image

Y
The q-1th
attention
model

Figure 1: Target detection model based on adaptive attention mechanism.

feature vector Fj � [fj1 , fj2 , . . . , fjd ] of the feature map,
where d is the feature dimension. Take the fully connected
feature vector set, given to U’s real target area via the
pretrained Resnet-18 model N, as Y � [y1 , y2 ,
. . . , yh ], where yj � [yj1 , yj2 , . . . , yjd ], and deﬁne the target
detection error entropy of Uj as
��
��
�
�
��1 × F − Y���
��1 × F − Y���
� h×1
�
�
�2
j
h×1
j
2�
�� . (1)
Aj � − h ���
�� ln h ���
j�1 ��1h×1 × Fj − Y�� j�1 ��1h×1 × Fj − Y���
2

2

Larger entropy values v indicate less reliability of the
feature information about the positioning area of the sample
in the current deep network model. When the reliability
threshold 9 � λ(hi�1 Ai )/h is exceeded, it is necessary to
further focus and relocate the sample to perceive detailed
information and save the current deep network model M0
into the attention detection model set. Otherwise, the
samples with smaller entropy values are deleted, and the
train set is thus updated.
Let the proposed attention adjustment mechanism be
q←q + Δq, 1 ≤ q ≤ qmax , 1 ≤ Δq ≤ qmax , where Δq represents
the increment to levels of attention adjusted according to
feedback, and qmax represents the maximum level of
attention.
2.2. Position Detection Network Model. The feature map
generated by the deep neural network is used as the input of
the position detection network. Under the constraint of the
heuristic information of adaptive attention, the deep neural
network is evolved synergistically with the position detection
network through Alternating Training to get better detection
results. Since the input item is the extracted deep feature

map, it is possible to construct the position detection network with two fully connected layers without the need for
carrying out complicated operations such as convolution,
pooling, and activation.
Deﬁne the deep features of the input image U, which is
extracted by the deep neural network, as Wc ∗ U, where ∗
represents convolution, activation, pooling, and other operations, and Wc represents all parameters of the deep neural
network. The position detection network model will more
accurately deliver a target prediction area, expressed as
follows:


tx , ty , tl
 � g Wc ∗ U,
Δq

(2)

where tx and ty respectively represent the center coordinates
of the square target prediction area, tl half of the side length
of the area, and g() the position detection network. By
analyzing the mechanism of human cognition, we can see
that the granularity of cognitive information is changed in a
nonuniform manner from macroscopically to microscopically. Therefore, in order to accomplish the nonuniform
adjustment of the target prediction area, the transformation
function is established for cognitive information granularity
with decline characteristics, and the heuristic information of
the increment to level of attention is used to weight the target
prediction area.
In order to guarantee that an eﬀective area is selected
during the forward propagation, and the network can be
optimized during the backward propagation, a two-dimensional rectangular function is proposed as a basis to
perform the approximate clipping operation. Assuming that
the upper left corner of the original image is the origin of
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coordinates, the coordinates of the upper left and lower right
corners of the target area are
t
t
tx1 � tx − l , ty1 � ty − l ,
Δq
Δq
(3)
tl
tl
tx2 � tx + , ty2 � ty + .
Δq
Δq
To clip, the original image and the coordinates are
masked. In order to prevent images from discontinuity
caused by the traditional masking method based on 0/1 dot
product, this paper adopts the logistic regression function
σ(x) � 1/1 + e− kx to construct a similar step function and
uses a step that is about zero to produce an eﬀect similar to 0/

Mtx , ty ,

Uat � U ⊙ Mtx , ty ,

tl
,
Δq

2.3. Backpropagation Process of the Target Detection Network.
The output values tx , ty and tl of the position detection
network should be backpropagated for iterative optimization. Since these three coordinate parameters are the same in
location, their backpropagation process is the same. Here,
take tx as an example, and calculate its derivatives by the
chain rule:
zMtx , ty , tl /Δq
zLrank
∝ Dtop ⊙
,
ztx
ztx

(4)

where Uat represents the image area that is worthy of attention, and M() the calculated masking results of coordinates, as shown in the following:

tl
 � σ x − tx1  − σ x − tx2  · σ y − ty1  − σ y − ty2 .
Δq

After the original image is clipped, the useless information is deleted. As the features extracted from the localized image are weakened due to the reduced resolution,
the bilinear interpolation method is adopted to enlarge the
clipped target image to the size that the original image has so
as to extract ﬁner target features.

L’rank tx  �

1 masking eﬀect. When k is large enough, x ≥ 0, σ(x) ≈ 1;
x < 0, σ(x) ≈ 0. At this point, σ (x) approximates a ﬁrstorder function. If x0 < x1 , σ(x − x0 ) − σ(x − x1 ) is a smooth
step function; if x < x0 orx > x1 , σ(x − x0 ) − σ(x − x1 ) ≈ 0;
if x0 < x < x1 , σ(x − x0 ) − σ(x − x1 ) ≈ 1. Therefore, the
following function is constructed:

(5)

where ⊙ represents element-Wise product, and Dtop represents the derivative propagated by the previous network. If
L’rank (tx ) < 0, tx increases, or it decreases. Further, calculate
2
− ‖L’rank (tx )‖2 to determine the parameter optimization direction. M’ (tx ) represents the derivative of the mask
function to tx , which can be deﬁned by the following
piecewise function:
< 0, tx ⟶ tx1 ,
⎪
⎧
⎪
⎨
M′ tx  � ⎪ > 0, tx ⟶ tx2 ,
⎪
⎩
� 0, otherwise.

(7)

M’ (ty ) can be deduced in the same way. Since M′ (tl /Δq)
is positive on both sides of the boundary and negative inside
the boundary, it can be deﬁned as follows:

(6)

> 0,
⎧
⎪
⎪
⎪
⎪
⎪
⎨
t
M′  l  � ⎪ ty ⟶ ty1 or ty ⟶ ty2 ,
⎪
Δq
⎪
⎪
⎪
⎩
< 0,
In summary, since the interval of negative values in the
derivative is consistent with that of M’ (tx ), it is easy to
conclude that L’rank (tx ) is positive. Similarly, L’rank (ty ) and
L’rank (tl /Δq) are also positive. Therefore, tx , ty , tl will all decrease in the next iteration, indicating focused areas of attention. This is consistent with the human perception model.
2.4. Multimode Selection Method for Target Detection. The
target detection model based on the adaptive attention
mechanism can establish an attention detection model set, in

tx ⟶ tx1 or tx ⟶ tx2 ,
(8)
otherwise.

which models are similar in structure but diﬀerent in parameters. When the sample set is tested against the multiattention detection model and since a model cannot give full
play to its advantages in the premise of averagely weighted
outputs, the decision-making attention mechanism is used
according to the deﬁned target detection error entropy to
detect the outputs of the model set.
To obtain the output feature map and the focused images
that have been clipped, the test set images are, respectively,
input to each attention detection model in the model set.
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According to formula (1), the target detection error entropy
Aq , 1 ≤ q ≤ qmax of qmax models with respect to the input
image
is
calculated.
When
Aq1 ≤ Aq2 ≤ · · · ≤ Aqm , q1 , q2 , . . . , qm ∈ [1, qmax ], select the
model Mq1 corresponding to Aq1 as the best model, of which
the output image is the ﬁnal adaptive positioning image.

3. Pose Estimation Model Based on
Deep Learning
3.1. Pose Estimation Model Based on Hourglass Network.
DeepPose utilizes deep learning to transform the problem of
pose estimation into the one related to joint point regression
and performs estimated regression of the entire image to
position each human joint point. Another type of method
integrates multiscale features to generate a heatmap of the
key points of the human body. Based on the above two
methods, the hourglass network adopts the convolutional
layer architecture of upsampling ﬁrst and then downsampling. It integrates multiscale features at the bottom layer
and the top layer of the network, improving the prediction
accuracy of key points. The structure and the parameters of
each module of the hourglass network are shown in Figure 2.
The image resolution of the network input in Figure 2 is
256 × 256, Max pool in the ﬁgure stands for Down Sample,
Up Sample stands for Up Sample, and Res stands for Residual Module, as shown in Figure 3.
During speciﬁc pose estimation, the stacked hourglass
network is repeatedly upsampled and downsampled to
generate the heatmap. The point with the highest heatmap
score is taken as the key prediction point for each corresponding joint, and the key points are then converged to
obtain the distribution diagram of key points of the human
body. In addition, the symmetrical topology of the hourglass
network helps predict the pose in both forward and backward directions, which improves the accuracy of pose
estimation.
3.2. Evaluation Criteria for Human Pose Estimation. After
the key points of the human body are predicted, it is necessary to evaluate the similarity with the ground truth (GT).
The common Object Keypoint Similarity (OKS) index is
deﬁned as follows:
OKSp �

i exp− d2pi /2S2p σ 2i δvpi � 1
i δvpi � 1

,

value of each row is used as the OKS value of the i-th person.
For several images in the test set, the Average Precision (AP)
is used to measure the human pose estimation. The calculation is as follows: if OKS is greater than the threshold t,
detection of the key points succeeds; otherwise, it fails.
Count the number of OKS values that are greater than t, and
calculate the ratio to the total number of OKS values.
3.3. PoseFix-Based Pose Estimation Optimization Strategy.
Incorrect pose estimation may usually be caused by jitter,
switching, and loss. Learning from DeepPose and facing
most of the key points with good pose input or small deviations, the PoseFix model [24] focuses on the trusted key
points and corrects the postprediction results. It can effectively solve the crossover problem. Its structure is shown
in Figure 4.
PoseFix uses Gaussian distribution to represent the input
poses in the form of heatmap, which are then spliced with
the input image and sent to PoseFix. Such practice is not
only suitable for convolution operations, but helps estimate
key points by making use of the information around the
features. Another advantage of PoseFix is that it has no
connection with the method of generating the key points of
the pose. Thus, it can be used as a postprocessing optimization strategy for any pose estimation method.

4. Experimental Results and Analysis
4.1. Experimental Data. In order to verify the feasibility and
eﬀectiveness of the proposed method, solo sports videos
such as long jump, high jump, and 100-metre sprint are
selected. Each video is about 30 minutes in length.
The video is converted and clipped by OpenCV into
images with 1080 ∗ 1080 resolution, among which 70% are
sampled randomly to construct the train set, and the
remaining 30% make up for the test set. In this experiment,
the maximum attention level of the target detection model is
qmax � 6, and the training epoch is set as 2000. In order to
guarantee smoothness of the human detection/recognition
process, let ∆q � 1 to construct a compact set model for
attention detection. Extract similar training sample sets with
diﬀerent qualities to multilevelly position the features. All
experiments run under the environment of CPU i7-8700,
32G memory, and GTX1080Ti.

(9)

where p represents the ID number of the target in the GT, i
the number of the key points of the human body, dpi the
Euclidean distance between the key points of each person in
the GTand the predicted result, Sp the scale factor of the p-th
target, σ i the i-th normalization factor of the key point, vpi
the visibility of the i-th key point of the p-th target, and δ the
function deduced by selecting the visible key point.
From formula (9), the similarity between two key points
of the human body can be deduced. If there are M persons in
an image among whom N persons are predicted, an M × N
OKS matrix should be constructed, of which the maximum

4.2. Experimental Results and Analysis. Figure 5 displays the
target positioning results of the method proposed in this
paper. Take the three-level attention as an example.
We can see from the ﬁgure that, in the busy background
of the training ﬁeld, the direct target detection method may
damage detection accuracy and comprehensiveness, because
possible crowds and light changes may have an impact on
extraction of the main target features. The adaptive attention
mechanism, however, allows the input image to be continuously positioned and focused and avoids the interference
from useless areas, which helps represent and detect the
features.
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Figure 6 shows the changing curve of target detection
error entropy of the multilevel attention detection model
under the condition of diﬀerent maximum levels of attention
qmax . Here, qmax � {2, 3, 6}, where the Y- coordinate is the
detection error entropy, and the X-coordinate is the number
of iterations.
It can be seen from the ﬁgure that, with a decline in levels
of attention focusing, the training eﬃciency of the model is
increased. As the iteration process continues, the target
detection error entropy of the model shows a rapid decline at
qmax � 2. When the number of iterations reaches 1000, the
model presents the most reliable target detection results but
works not stably. After the number of iterations exceeds
1000, the error entropy ﬂuctuates, indicating that the attention mechanism malfunctions at qmax � 2, and the target
cannot be accurately positioned if some samples are focused
only twice. Because of the lack of the ability in sample
characterization, the feature extraction network should be
further optimized. Similar problems occur at qmax � 3.
When the upper limit is raised (qmax � 6), the training

eﬃciency of the model decreases, because the model is no
longer limited by the levels of attention and spends more
time in seeking a more suitable focusing stage and extracting
the marked features of the detected target. The reliability of
target detection can be improved, as the iteration process
goes on.
The precision and success rate of the proposed method
with other target tracking algorithms are given in Table 1,
where precision is deﬁned as the distance between the
predicted
target position and the real target position
��������������������
dist � (Gx − Px )2 + (Gy − Py )2 . Tracking of this image is considered accurate if the distance is less than a threshold value.
The success rate is calculated from the IoU score. If the IoU
value is greater than a threshold, the tracking of this image is
considered successful. Here, the precision threshold is set to
20 pixels, and the success rate threshold is set to 0.5.
As shown in Table 1, the proposed method is compared
with seven mainstream tracking algorithms, including
MDNet, SiamRPN, FCN, TADT, C-RPN, DAT, and SPM. It
can be seen that the proposed method outperforms other

Wireless Communications and Mobile Computing

7
Table 2: Comparison in pose estimation between diﬀerent
methods.

Crop&
enlarge

Recognition method
Our method
Tompson et al. [25]
Feng et al. [26]
Cao et al. [27]
CPN [28]
Hourglass [29]

st

Crop&
enlarge

Crop&
enlarge

rd

nd

The 2 cropped result

The 3 cropped result

Figure 5: Schematic diagram of three-level attention focusing.

7000

Detecting error enthopy

6500
6000
5500
5000
4500
4000
3500
3000
0

Posture estimation time (s)
0.27
0.012
0.073
0.028
0.18
0.14

The 1 cropped result

Original image

2500

AP
76.2
74.3
74.1
72.8
75.8
75.3

200 400 600 800 1000 1200 1400 1600 1800 2000
Epoch
qmax=2

target tracking algorithms in terms of both precision and
success rate of tracking, which is due to its imitation of
human decision patterns, real-time evaluation of regional
attention eﬀectiveness, and iterative generation of regional
attention from global to local to focus on samples at diﬀerent
scales. The above characteristics improve its tracking robustness in complex environments.
In addition, the algorithm proposed is also compared
with other human pose estimation algorithms, such as
Tompson et al. [25], Fang et al. [26], Cao et al. [27], CPN
[28], and Hourglass [29]. Taking AP as an evaluation index,
Table 2 gives the estimation results of the test sample set, and
the average time consumed for pose estimation.
It can be seen from Table 1 that the proposed method
performs better in pose estimating than other methods,
because the multilevel focusing mechanism of the adaptive attention mechanism can get rid of the interference
from useless areas in the complex image, which provides
more accurate target areas for subsequent estimation. By
integrating multiscale features at both the bottom level
and the top level, the PoseFix pose optimization strategy
enhances the pose feature representation eﬀect. In addition, the pose estimation time allows to evaluate the
overall complexity of the algorithm. Although the method
proposed in this paper is inferior to other methods in time
consumed, it in fact makes no diﬀerence with CPN and
Hourglass under the same order of magnitudes. The long
estimation time is due to the good real-time tracking and
pose estimation performance as the model is exploring
more suitable focus levels to obtain accurate target detection results.

qmax=3
qmax=6

5. Conclusions

Figure 6: The changing curve of target detection error entropy
under the condition of diﬀerent levels of attention.

Table 1: Evaluation results of various trackers.
Recognition method
Our method
MDNet [5]
SiamRPN [6]
FCN [7]
TADT
C-RPN
DAT
SPM

Precision
0.910
0.861
0.891
0.901
0.865
0.876
0.902
0.899

Success rate
0.685
0.641
0.666
0.68
0.67
0.675
0.672
0.667

Higher accuracy in pose estimation is a prerequisite for
excellent sports results. In order to solve the problem related
to low eﬃciency of labor-based physical education, this
paper explores an intelligent method of estimating target
posture based on adaptive attention mechanism, which
provides technical support for daily physical education.
First, according to the human decision-making model, regional attention is gradually focused and iteratively generated. By evaluating the performance of target features in real
time, and adaptively adjusting levels of the attention, precise
positioning of the detected target is achieved. Second, the
PoseFix pose optimization strategy is adopted to solve the
crossover problem of the key points of the human body
posture estimated by the hourglass network. Experiments on
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sports video images demonstrate the feasibility and eﬀectiveness of this method.
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