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Kalman ﬁlter for estimating 2D human pose in
video
Tao Hu1,2

|

Chunxia Xiao1∗

|

Geyong Min3

|

Noushin Najjari3
1 School

of Computer Science, Wuhan
University, Wuhan, Hubei,430072, China

One of the main challenges in computer science and image

2 School

processing is 2D human pose estimation. Speciﬁcally, oc-

of Information Engineering, Hubei
Minzu University, Enshi, Hubei,445000,
China
3 College

of Engineering, Mathematics and
Physical Science, University of Exeter,
Exeter, United Kingdom
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by camera angle are of paramount importance. In this paper, a new highly accurate network was proposed that can
estimate 2D human poses in video images using deep learn-
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motion as a linear motion between diﬀerent frames in a cer-

to detect the centre position of each human within a video
frame and then use the stacked hourglass network to estimate the 2D human pose. We approximate the human
tain period; and optimize the human centres based on the
local outlier factor and Kalman ﬁlters. The same method is
applied to optimize the human pose estimations in video,
which can address the inaccurate prediction caused by human joints occlusion. The proposed adaptive network is
tested using the two well known benchmarks for human
pose estimation (MPII and JHMDB datasets), and we also
generate some 2D human pose estimating qualitative results of single and multiple people in Internet videos. The
experimental results show that the proposed network has
strong practicability and can achieve high accuracy on adaptive estimating the 2D human pose in video.
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INTRODUCTION

Two dimensional human pose estimation is an important problems in multimedia content analysis. It has many applications in robotics, virtual reality, computer animation, intelligent surveillance and life sciences (Kim et al. (2016);
Neves et al. (2016); Koppula and Saxena (2016); Rogez and Schmid (2018); Liang et al. (2018); Liu and Wang (2018),
Kim et al. (2016)). For example, a Schaeﬀer gesture recognition system (Oprea et al. (2018)) has been proposed to
improve the estimating accuracy of human pose based on several recurrent neural network models, such as LSTM
(Luo et al. (2018)), and VRNN (Chung et al. (2015)). Although most recent pose estimation methods have achieved
high accuracy with pre-localized people (Wei et al. (2016); Carreira et al. (2016); Newell et al. (2016)) in single images,
it is diﬃcult to estimate human poses in realistic video with self-occlusion (Iqbal et al. (2017b)).
There are three core challenges to estimating a 2D human pose in video. The ﬁrst is detecting the human body
in each video frame. Second, it is diﬃcult to estimate the 2D pose of the detected human in each video frame. Third,
the most diﬃcult part is to ﬁnd the relevance between each human pose and the estimated results in continuous
video frames. We focus on optimizing the ﬁrst and third challenges in this paper. This means that we have to address
various forms of human pose, fast motions and human joints occlusion.
In contrast to the previous works, we aim to detect the human location and the association of each person’s joints
throught a video. To this end, combining the Single Shot MultiBox Detector (Liu et al. (2016)) and stacked hourglass
networks (Newell et al. (2016)), we design an adaptive network for estimating 2D human poses in videos that can
estimate the pose of a person in any position within a video frame.
In particular, we deﬁne the problem as an optimization of time series motion data, such as human centre position
and each joint’s position in continuous video frames. The displacement change of the human centre and human joints
during a certain period can be approximated by a linear motion. The implementation of the optimization method
includes the local outlier factor (Lu et al. (2017); Salehi et al. (2016); Fanaee-T and Gama (2015)) to determine the
outlier of the input time series data and uses a Kalman ﬁlter (Liang et al. (2012); Nguyen et al. (2017); Rodger (2018))
to update the value of the outlier. In this manner, we can address self-occlusion and improve the accuracy of stacked
hourglass network. Put diﬀerently, our network can estimate the centre position of a human and the displacement of
each human joint in a video more accurately. Finally, we evaluate our network using the following two benchmarks:
the MPII human pose dataset (Andriluka et al. (2014)) and the Joint-annotated Human Motion Data Base (JHMDB)
dataset (Jhuang et al. (2013)).
The main contributions of this paper are summarized as follows:
1) An adaptive estimating network of 2D human pose in video is designed that can estimate the centre position
of each human in a video frame automatically. The basic stacked hourglass network must use the manual input centre
coordinates of the humans in the image before estimating the 2D human poses. Our network employs the SSD
network to estimate the human’s location in a video frame. Regardless of where the human is located, our network
can detect the human’s centre position in the frame .
2) Due to the occlusion of the human joints and the eﬀect of ambient light, the adaptive stacked hourglass network
cannot estimate the complete human pose. Our network optimizes the human pose prediction from the two aspects
of human centre prediction and joint position estimation. It employs the local outlier factor to determine the outlier’s
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FIGURE 1
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The overview of the proposed adaptive 2D human pose estimating framewrok

position. The Kalman ﬁlter is used to generate a smoother data series than the original pose data series for the
estimation. Finally, the data values of the displacement outliers are replaced based on the Kalman ﬁltering results.
We organize the remainder of this paper as follows: The related works of estimating a human 2D pose in a single
image and video are presented in Section 2.The proposed adaptive 2D human pose estimation method with SSD and
stacked hourglass network, along with the time series motion data optimizing method are presented in Section 3. In
Section 4, we present the experimental results and discuss the performance of our network. Finally, the paper is
concluded in Section 5.
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RELATED WORKS

The classic human pose estimating methods (Rihan and Torr (2012); Yang and Ramanan (2013); Pishchulin et al. (2013);
Song et al. (2018); Nie et al. (2015); Pang et al. (2015)) need to construct a classiﬁer by extracting a high dimensional
feature. The learning process of a high dimensional feature is very complex and time consuming. Based on the
comparison between these classic human pose estimating methods, Toshev et al. (Toshev and Szegedy (2014)) ﬁrst
proposed the "DeepPose" method to estimate a human pose using deep learning. Since then, many human pose
estimating methods based on deep learning have appeared. In this paper, we extend the stacked hourglass network
(Newell et al. (2016)) with an SSD network (Liu et al. (2016)) to estimate a 2D human pose. Below is a brief overview
of these topics.
Human pose estimation in image: The "DeepPose" method (Toshev and Szegedy (2014)) regresses the x and y
coordinates of joints by deep neural networks directly. Based on the pose machine (Ramakrishna et al. (2014)), the
convolutional pose machines (Wei et al. (2016)) consist of a sequence of Convolutional Neural Networks (CNN)(Wang
et al. (2019); Ding et al. (2019)) to construct 2D belief maps of the joints. A stacked hourglass network (Newell et al.
(2016)) employs Residual networks to gradually extract the features of a single image and to capture the various
spatial relationships that exist between human joints. Part Aﬃnity Field (Cao et al. (2017)) is designed to estimate
the 2D poses of people in an image, that are generated by a two-branch multi-stage CNN. A Pose Residual Network
(Kocabas et al. (2018)) is designed to estimate the 2D poses of multiple people. These methods are state-of-the-art
with evaluations in some popular datasets, such as the MPII human pose dataset. The MPII dataset has labelled the
human centre position of each image, therefore the use of videos in existing works is limited. In this paper, we will
address the human pose estimation in video with no labels of human location.
Human pose estimation in video: Due to motion blurriness, uncommon poses and human self-occlusion, estimating a 2D human pose in a video is challenging. Hernández et al. (Hernández et al. (2014)) designed a tracking, feature
extraction and action recognition model in video sequences using kinematic features. Song et al. (Song et al. (2017))
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(a) Input Image

(c) Human position location in input image based on
SSD network

(b) 2D human pose estimation without accurate human
center location

(d) 2D human pose prediction based on adaptive 2D
human pose estimating method

F I G U R E 2 Results of adaptive 2D human pose estimating method.(a) is the input image, (b) is the 2D human
pose estimating results based on stacked hourglass network (Newell et al. (2016)) with non-accurately human centre
coordinates, (c) is the human centre coordinates estimating result based on SSD network, and (d) is the 2D human
pose estimating results base on the proposed model.

proposed incorporating spatial and temporal modelling into a ConvNet to predict a sequence of 2D human poses in
arbitrary videos. A pose reﬁnement network (Fieraru et al. (2018)), which learns to directly estimate a reﬁned 2D pose
by joint reasoning, is proposed to estimate the poses of multiple people in a video. A spatial-temporal and-or graph
model (Nie et al. (2015)) is introduced to estimate pose from video by capturing the appearance and geometric variations of 2D poses in each video frame. Luo et al. (Luo et al. (2018)) propose "LSTM Pose Machines" for video pose
estimation. "LSTM Pose Machines" is a recurrent CNN model with Long Short-Term Memory (LSTM). LSTM is very
eﬀective in imposing geometric consistency among frames. Work by (Girdhar et al. (2018)) introduces a lightweight
approach to estimate in videos that includes the following two-stages: key point estimating in short frames and key
point predictions throughout the video. In this paper, a time series motion data method was proposed to optimize the
locations of humans and human joints.

3
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THE PROPOSED NETWORK

The smart network for adaptive estimation of 2D human pose in video is composed of four parts. FIGURE 1 illustrates
the complete process of the proposed adaptive estimation network. This section mainly focuses on the two parts of
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FIGURE 3
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Adaptive 2D human pose estimation netwrok

adaptive estimation of a 2D human pose and optimization of the time series motion data.

3.1

| An adaptive 2D human pose estimation method

The stacked hourglass network (Newell et al. (2016)) is used to generate a 2D human pose from a still image; it needs
certain position coordinates of a human in the image as an input. If the position coordinates of the human centre are
not accurate, the stacked hourglass network cannot estimate the position of each human’s joints correctly. Due to
these factors, we propose an adaptive 2D human pose estimation method based on the Single Shot MultiBox Detector
(SSD) (Liu et al. (2016)) and the stacked hourglass network (Newell et al. (2016)). The SSD network is employed to
predict the human centre position in the input video frame and the stacked hourglass network is used to predict the
2D human pose in the corresponding video frame. We demonstrate the result of adaptive 2D human pose estimation
in FIGURE 2.
The entire network of adaptive 2D human pose estimation is divided into the two stages of human centre position
detection and human 2D pose estimation, which are demonstrated in FIGURE 3.
Stage 1: Estimating the center position of a human within a video frame. Our network employs an SSD network
(Liu et al. (2016)), which is an object detection network with a feature pyramid structure, to detect a human and
estimate the centre position of the human in each frame. Additionally, this network employs a classic deep learning
model, such as V GG − 16 (Simonyan and Zisserman (2015)), to construct the input feature map of the input video
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(a) human pose estimating result based on second
ordered stacked hourglass network

FIGURE 4

(b) human pose estimating result based on fourth
ordered stacked hourglass network

Comparison of human 2D pose estimation with diﬀerent ordered stacked hourglass network

frame. It then generates diﬀerent size feature maps of input the feature map using the convolution kernels conv 4 − 3,
conv − 7, con6 − 2, conv 7 − 2, conv 8 − 2, conv 9 − 2 and so on. The SSD network designs multiple pr i or box es for each
object in diﬀerent sized feature maps, which is trained with the matched truth bounding box of the object. Based
on the prior boxes, the network achieves the object classiﬁcation using the sof t max function and object location
regression with diﬀerent sized feature maps.
In our network, we merely estimate the object, whose label is set as "human"; we can obtain the bounding box
of the detected object based on a location regression. Finally, our network can predict a more accurate result of the
human centre position in the video frame based on the classiﬁcation and the bounding box.
Stage 2: Estimating the human 2D pose in video frame. Based on the predicted human centre position, at the
ﬁrst stage, the network crops the frame into a candidate area whose size is 256 × 256, and it extracts the feature
map. In the next step, the network employs the fourth ordered stacked hourglass network, composed of a series of
Residual modules, to estimate the human 2D pose. The fourth ordered stacked hourglass network uses max pooling
to down-sample the feature map of the candidate area and then inputs it to the next hourglass network. Concurrently,
this network employs three Residual modules to extract the input feature map’s high dimensional feature, which can
preserve the size of the input before down-sampling. When the network reaches the fourth hourglass network, it
employs the nearest neighbourhood interpolation to up-sample the feature that is extracted by ﬁve Residual modules.
The up-sampling feature map adds the upper scale feature and the results of the input into the upper-level hourglass
network by using one Residual module.
To clearly explain the performance of the fourth ordered stacked hourglass network, the intermediate and ﬁnal
results are compared. Given a single image (FIGURE 2(a)), we extract the human pose estimation result when the
network reaches the second ordered as shown in FIGURE 4(a). The left sub-image of FIGURE 4(a) shows the entire
2D pose of FIGURE 2(a), and the right sub-image shows the heatmap of each human joint. From FIGURE 4(a), we ﬁnd
that the stacked hourglass network did not predict the correct coordinates of the left ankle, left knee, right ankle or
right knee when it reached the second order. Because the right ankle is within the self-occlusion portion of the input
image, the fourth ordered stacked hourglass network estimates the coordinates of all joints except the right ankle
when the network reaches the fourth order (which is shown as FIGURE 4(b)).

3.2

| Optimizing time series motion data

When a 2D human pose is estimated in a video, there are two types of time series data – human centre position and
the displacement of each human joint. The time series data of a human centre position are estimated from continuous
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video frames by the SSD network, and the series data of human joints displacement are estimated from continuous
video frames by the fourth ordered stacked hourglass network. These two types of time series data are approximated
as linear motion data; thus, the same method can be used to optimize both types of data.
The key to optimizing the time series data is to detect the outlier of these data and update the value of the outlier.
In the proposed network, the outlier detection algorithm is employed based on the local outlier factor, denoted as
LOF, to estimate the outlier of the input time series data and use a Kalman ﬁlter to update the value of the outlier.
The LOF uses a KD-tree to perform a nearest neighbour search and to calculate the local density with the nearest
neighbours to classify the outlier.
Before calculating the local density of each position, a KD-tree is built for all positions. Based on the KD-tree, we
can generate the k t h neighbours of each individual position. Given a time series of position P = [x, y ], time interval t
and time period L, equation (1) is used to calculate the local density LO Fk (A) at position P (x A , y A ).
Í
B ∈N k (A) l d (B)
/l d (A)
LO Fk (A) = (
|N k (A)|
where N k (A) are the k neighbors of position A and l d (A) is deﬁned as follows:
Í
B ∈N k (A) max {k _d i st ance(B), d (A, B)}
)
l d (A) = 1/(
|N k (A)|

(1)

(2)

where k _d i st ance(B) is the distance between position B and its k nearest neighbor, and d (A, B) is the distance between position A and B. If LO Fk (A) is above a threshold, position A is classiﬁed as an outlier.
Simultaneously, we use the Kalman ﬁlter to ﬁt the positions of the human centre in all video frames. We model
the human motion in a video with the following linear diﬀerence equation:
P t = At ,t −1 P t −1 + wt −1

(3)

where P t = (x t , y t ) is the human centre position at time t in period L, At ,t −1 is the state transition matrix, and wt −1 is
the random noise at t − 1. The Kalman ﬁlter’s observation equation is deﬁned as follows:
O t = H t Pt + N t

(4)

where H t and N t are the observation matrix and the observation noise matrix at time t , respectively. The state updating
equation and the state prediction equation of the Kalman ﬁlter are described in equations (5) and (6), where K t is the
gain matrix that deduced as equations (7) through (9). Q t and G t are the covariance matrices of wt and N t , respectively.
h
i
Pb(t | t ) = Pb(t | t − 1) + K t O t − H t Pb(t | t − 1)
(5)
h
i
Pb(t + 1 | t ) = APb(t | t − 1) + AK t O t − H t Pb(t | t − 1)
(6)
K t = τt− H tT (H t τt− H tT + Q t )−1
τt−

=

At ,t −1 τt+−1 ATt,t −1
τt+

= (I

+ G t −1

− K t H t )τt−

(7)
(8)
(9)

Finally, our network optimizes the time series motion data P with the detection [out l i er ] and the prediction
results P 0 of the Kalman ﬁlter. The entire optimization is described in Algorithm 1.
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(a) Fitting trajectory of original time series motion data

FIGURE 5

(b) Outlier detection based on LOF

Optimization results of time series positions.

Algorithm 1 Optimizing time series motion data
Require: Time series motion data P
Ensure: Optimized time series motion data P 0
1: initialize: Set P 0 = P
2: Predict the [out l i er ] of P based LOF
3: Predict the Pb of P based on Kalman ﬂiter
4: Len = Leng t h([out l i er ])
5: for i = 1, 2, ..., Len do

I nd [i ] = out l i er [i ].i ndex

6:

P 0 (I nd [i ]) = Pb(I nd [i ])

7:

8: end for
9: return:P 0

FIGURE 5 is an example of optimizing the time series motion data. Assuming there is a time series motion data,
which are shown as blue points in FIGURE 5(a), random noises are added to some data (shown as red asterisks in
FIGURE 5(a)). FIGURE 5(b) is the outlier detection based on LOF, where the outliers are labelled as red points. The
ﬁnal optimization positions of the input time series data are shown as green blocks in FIGURE 5(a). We also ﬁt the
trajectories for input, noise and optimization positions based on the polynomial least squares method, which is shown
in FIGURE 5(a). Based on the ﬁtting results, the proposed network can optimize the trajectory of time series motion
data.

4
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EXPERIMENTS

The proposed network was evaluated against the following two benchmarks: (1) the MPII human pose dataset for
2D single human pose estimation in a still image and (2) the JHMDB Dataset for 2D human pose estimation in a
video. The proposed network is performed on a server with two NVIDIA GeForce GTX-1080Ti GPUs and 32GB RAM.
The adaptive 2D human pose estimation method is ﬁrst evaluated using the MPII human multi-person dataset. The
JHMDB dataset is employed to evaluate optimization time series motion data. The 2D human poses of multiple people
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FIGURE 6
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PCK comparison with proposed network and fourth ordered stacked hourglass network

in the videos are ﬁnally estimated.

4.1

| Testing in the MPII human pose dataset

Based on the fourth ordered stacked hourglass network, the basic 2D human pose estimating network must ﬁrst
initialize the human centre position within a still image. The test dataset of MPII contains 2940 images, and the
human centre position of the images are labelled in the test dataset. To evaluate the performance of the proposed
network, the network is compared with the basic fourth ordered stacked hourglass network and random noises of
initial human centre positions are set in the test dataset. To verify the recognition rate of the human centre position
in an image, we train the SSD network with two training datasets: VOC0712 and MPII. Two types of recognition sizes
are set in VOC0712: 300 × 300 and 512 × 512. The stacked hourglass network is trained by the MPII dataset.
First, a 2D human pose in the MPII test dataset is estimated with the ground truth of the human centre position
based on the fourth ordered stacked hourglass network. Then, random noises are added to the ground truth of the
human centre position in the MPII test dataset. The fourth ordered stacked hourglass network is employed to estimate
the 2D human pose in the MPII test dataset with a noisy human centre position. The diﬀerent SSD networks with
diﬀerent training datasest and diﬀerent image sizes are used to predict the human centre position of each image in
the MPII test dataset. The predicted human centre positions are input parameters used to estimate the 2D human
pose in the MPII test dataset based on the fourth ordered stacked hourglass network.
We use the Percentage of Correct Keypoints, which is denoted as PCK, to evaluate the estimation percentages
within a normalized distance of the ground truth. FIGURE 6 shows the visual PCK comparison results, which describes
the percentage of estimations on Head, Wrist, Ankle, Elbow, Knee and Shoulder.
The testing baseline of in the MPII human pose dataset is fourth ordered stacked hourglass network (Newell et al.
(2016)). The quantitative comparison results are shown in TABLE 1. The visualization and quantitative comparison
results conﬁrm that the human centre position in an image is a very important data point in a stacked hourglass
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TA B L E 1

PCK comparison results of proposed network
Method

The proposed method

Head

Knee

Ankle

Shoulder

Elbow

Wrist

Average

83.95%

69.33%

67.03%

82.89%

77.97%

73.38%

75.76%

80.78%

65.77%

63.00%

79.45%

74.65%

70.95%

72.43%

58.36%

46.60%

45.48%

56.62%

53.28%

50.93%

51.88%

35.60%

12.75%

9.81%

31.29%

27.33%

28.28%

24.18%

79.29%

58.41%

54.45%

75.44%

70.14%

67.02%

67.46%

72.40%

59.68%

58.44%

71.19%

67.14%

63.89%

65.46%

96.78%

83.20%

80.39%

95.19%

89.14%

84.17%

88.15%

(VOC_512)
The proposed method
(VOC_300)
The proposed method
(MPII_300)
Newell et al. (2016)
(SHN-noise1: [0.6,0.8])
Newell et al. (2016)
(SHN-noise3: [0.8,1.0])
Newell et al. (2016)
(SHN-noise2:[1.0,1.2])
Newell et al. (2016) (SHN)

TA B L E 2

Error analysis of FIGURE 5(a)
Original data

Noise data

Optimization data

SSE

0.0625

1.3405

0.5657

RMSE

0.0898

41.3312

7.3598

MSPE

−

64.64%

64.58%

network to estimate the 2D human pose. When we use the VOC0712 with image size of 512×512, to train the SSD
network, the proposed network obtains good results for the PCK, for example the PCK of the Head can reach 83.95%
and the PCK of a Shoulder can reach 82.89%. Although the PCK of Head has reached in 96.78% based on the stacked
hourglass network, there are multiple-humans in the images of the MPII test dataset. If there are many humans in the
image, the SSD network can detect the humans’ positions. However, it cannot determine which human is labelled in
the image. This is why the PCK of the proposed network is lower than the stacked hourglass network. Additionally,
the training dataset of used by Newell et al. (2016) disabled the shifting data augmentation of a human location, and
their work Newell et al. (2016) has a very high recognition rate. The human centre labels in the MPII dataset were
hidden in our work, so the performance of the proposed method is lower than the work preformed by Newell et al.
(2016).

4.2

| Testing in the JHMDB dataset

The JHMDB dataset has annotated full body joints of human in a video frame. Additionally, it has a videos subset
(called sub-JHMDB) that contains 316 clips distributed over 12 categories, such as clap, jump, and kickball. The sub-
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FIGURE 7

Qualitative results of 2D pose estimation in JHMDB

FIGURE 8

Qualitative results of 2D pose estimation in Internet videos

JHMDB dataset is used to evaluate the accuracy of estimating 2D human pose in a video. We also use the PCK to
evaluate the proposed network on the sub-JHMDB dataset.
Given a visual original trajectory (the blue curve in FIGURE 5(a)) and a noise trajectory (the red curve in FIGURE
5(a)), the optimization trajectory (the green curve in FIGURE 5(a)) is estimated by our optimization method of time
series motion data. We calculate the MSPE between the original and noise trajectories in TABLE 2, and calculate
the Mean Square Percent Error (MSPE) between the original and optimization trajectories. The comparison between
two MSPEs conﬁrms that the proposed optimization method of time series motion data could reduce the estimation
errors. To test the eﬀectiveness of the proposed optimization method, the sum of squares due to errors (SSE) and the
Root Mean Squared Errors (RMSE) of the original, noise and optimization trajectories are also calculated; they are ﬁt
based on polynomial least squares.
We compared our work to convolutional channel features (Iqbal et al. (2017a)), the spatial-temporal AOG model
(Nie et al. (2015)) and the Thin-Slicing Network (Song et al. (2017)) in the sub-JHMDB dataset. The PCK of the
kicking-ball and pullup categories of the sub-JHMDB are counted as shown in TABLE 3.
The average PCK of the sub-JHMDB dataset can reach 83.18% based on the proposed network without optimiza-

12

Tao Hu et al.

TA B L E 3

The PCKs of in sub-JHMDB dataset

method

Shoulder

Elbow

Wrist

Knee

Ankle

Average

Nie et al. (2015)

63.5%

32.5%

21.6%

62.7%

53.1%

46.68%

Song et al. (2017)

95.7%

87.5%

81.6%

92.7%

89.9%

89.46%

Iqbal et al. (2017a)

76.9%

59.3%

55.0%

76.4%

73.0%

68.12%

86.2%

76.6%

86.4%

77.8%

88.9%

83.18%

88.6%

76.8%

88.1%

77.9%

88.9%

84.06%

The proposed method
(without optimization)
The proposed method
(with optimization)

FIGURE 9

Qualitative results of 2D pose estimation of multi-person in Internet videos

tion (shown as Ours(without optimization) in TABLE 3) and 84.06% with optimization (shown as The proposed method
(with optimization) in TABLE 3). Although the average PCK of the proposed method is lower than the Thin-Slicing
Network (Song et al. (2017)), the proposed method has improved the PCK of a speciﬁc joint. For example, the PCK of
Wrist reaches 88.1% based on the proposed method. The PCK of the Wrist is just 81.6% based on the Thin-Slicing
Network. The proposed work preforms 66.5% better than the spatial-temporal AOG model (Nie et al. (2015)), 6.5%
better than the Thin-Slicing Network (Song et al. (2017)), and 33.1% better than the convolutional channel features
(Iqbal et al. (2017a)) in the sub-JHMDB dataset.

We show some qualitative results of the estimating 2D human pose results on the sub-JHMDB dataset in FIGURE
7. FIGURE 8 shows other 2D human estimating results in Internet videos, which also conﬁrmed that the proposed
network can estimate good 2D human poses in video.
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| Testing for Multiple-people

Finally, we use the proposed network to estimate the 2D multiple-people in videos that are accessed from the Internet.
FIGURE 9 shows the qualitative results of estimating 2D poses of multiple people in Internet videos based on the
proposed network. Since there are no complex location crossovers of two epeeists in the testing video, the proposed
network can accurately generate 2D human poses in the ﬁrst row in FIGURE 9. The second and third rows in FIGURE 8
are the 2D pose estimation results of pairs skating and a boxing matching. Additionally, the 2D pose estimation results
of multiple people dancing are shown as the fourth and ﬁfth rows in FIGURE 9. The results of FIGURE 9 indicate that
the proposed network has a strong practicability to estimate 2D pose of multiple people for some common multiperson scenes.

5
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CONCLUSIONS

We presented an adaptive network with a stacked hourglass network and SSD for video pose estimation in this paper.
We considered a critical component of our supposition – the continuity between each joint of a human pose in a video.
We presented an optimization method of time series motion data based on LOF outlier detection and a Kalman ﬁlter
in the proposed network. We achieved signiﬁcant improvement in estimating accuracy. We showed that the proposed
network contributed to a better utilization of human centre location and time series data. Finally, we demonstrated
the 2D human pose estimation visualization results with a single person and multiple people in some Internet videos.
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