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a b s t r a c t

Automatic robot activity understanding plays an important role in human–computer interaction (HCI),
especially in smart home service robots. Existing manipulator control methods, such as position
control, vision-based control method, fail to meet the requirements of autonomous learning. Rein-
forcement learning can cope with the interaction of robot control and environment; however, the
method should relearn the control method when the position of target object changes. To solve
this problem, this paper proposes a quality model to utilize deep reinforcement learning scheme to
achieve an end-to-end manipulator control. Specifically, we design a policy search algorithm to achieve
automatic learning of manipulator. To avoid relearning of manipulator, we design convolutional neural
network control scheme to remain the robustness of manipulator. Extensive experiment has shown
the effectiveness of our proposed method.

© 2020 Elsevier B.V. All rights reserved.
1. Introduction

It is generally acknowledged that robot activities can express
heir emotions and languages. Intelligently understanding the
uality various human activities has lot of application. For ex-
mple, contactless operative video reading system (COVRS), a
pecial device for capturing hand motion images to recognize
ovements, is a significant application in medical domain. The
uality score can guide the performer of human hand move-
ent professionally and skillfully. Besides, for some sport activity

ike figure skating, the skating rink is usually huge and thus it
s difficult for the trainer to inspect the action details of each
kater. In this way, we expect an intelligent system that can
utomatically assessing the quality of human movement, and
ccordingly feedback the trainer for adjusting their activity. In the
iterature, there are two directions of robot activities recognition.
he first direction is simply based on images/videos. It involves
hree main steps: action components discovery, shallow/deep
eature extraction, and feature classification. Among them, ac-
ion components discovery attempts to localize robot body parts
hich influence the activity attributes. The shallow/deep feature
xtraction engineers the feature for each action component and
ubsequently combine them to represent each human activity.
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Such representation is finally classified into different categories.
The second direction is to employ Kinect for representing hu-
man/robot skeleton, which characterizes informative feature to
understand each robot activity. Distinguished from the conven-
tional visual appearances, the Kinect-based human/robot skele-
ton is free from the noisy backgrounds and partial occlusion.
Moreover, it can be robustly predicted by the hardware-friendly
model. In the literature, many Kinect-based human activity un-
derstanding frameworks have been proposed and some have even
been commercialized. However, it is still difficult to directly use
the Kinect-based skeleton for assessing robot activities aesthetic
quality due to the following reasons:

(1) Human–computer interaction (HCI) plays an important role
in human daily life, such as autonomous vehicles, smart
home service robot. For example, manipulator control of
smart home service robot can help the elderly or the dis-
abled to place things, as shown in Fig. 1. Existing robot can
only accomplish a single task; however, with the develop-
ment of artificial intelligent domain, more intelligent home
service robots are required. Off-line-based smart robot can-
not effectively cope with some situations that when the
posture or appearance of target object changes. Reinforce-
ment learning can help the interaction of manipulator con-
trol and the environment. However, when the object’s pose
changes, the algorithm needs to relearn and get a new
controller, so the adaptability to the task is poor.

https://doi.org/10.1016/j.future.2020.11.017
http://www.elsevier.com/locate/fgcs
http://www.elsevier.com/locate/fgcs
http://crossmark.crossref.org/dialog/?doi=10.1016/j.future.2020.11.017&domain=pdf
mailto:lixing8245@163.com
mailto:joni.zhong@ieee.org
mailto:mmkamruzzaman@ju.edu.sa
https://doi.org/10.1016/j.future.2020.11.017


X. Li, J. Zhong and M.M. Kamruzzaman Future Generation Computer Systems 117 (2021) 480–485

h
m
l
w
i
t
i
w
e
s
a
n
l
m
a
a
s
o
c

2

m

2

v

(2) Manipulator control is a hot research topic in human–
computer interaction and intelligent systems. Vision-based
manipulator has been widely used in autonomous robot,
which can capture human gesture or actions for recogniz-
ing human command. Existing robot with Kinect sensor can
capture both RGB color image and depth image to perceive
the environment, and manipulator can make corresponding
actions such as grasp and placement. However, existing al-
gorithms cannot effectively cope with the changes of target
objects. In recent years, reinforcement learning is used to
improve the accuracy of manipulator control. In deep rein-
forcement learning, the trained neural network can be used
to control the manipulator by strategy search. However,
only using the deep learning method cannot control the
manipulator independently. Algorithms are needed to pro-
vide the training dataset of neural network and supervise
the neural network in the training process. In reinforce-
ment learning, value function based method and policy
search method have been widely used in manipulator con-
trol. Instantaneous difference method does not need the
transfer probability model of known environment, and has
high learning efficiency, so it is widely used in the ma-
nipulator control [1]. Compared with value based method,
policy search method can well exploit prior information,
which is helpful for manipulator control. Kober et al. [2]
leveraged the path integral method based on the optimal
control to update the strategy parameters, so that the ma-
nipulator can learn to play table tennis. In the strategy
gradient based manipulator control method, Finn et al. [3]
built a depth prediction model and trains the cyclic neural
network under the strategy search algorithm based on the
prediction control, so that the neural network does not rely
on the supervision algorithm in the training. Under the
control of the trained neural network, the manipulator can
push different objects to the designated target position.

To our best knowledge, modern smart home service robots
ave autonomous learning ability and adaptability to the place-
ent of objects. Since reinforcement learning cannot directly

everage high-dimension input such as images, the system has
eak ability to perceive the environment. While deep learn-

ng based methods have strong ability to learn various samples,
hus the combination of deep learning and reinforcement learn-
ng is significant for manipulator control. Thus, in this paper,
e leverage deep reinforcement learning scheme to achieve an
nd-to-end manipulator control. Specifically, we design a policy
earch algorithm to achieve automatic learning of manipulator. To
void relearning of manipulator, we design convolutional neural
etwork control scheme to remain the robustness of manipu-
ator. The main contribution of our proposed method is sum-
arized as follows: (1) we design deep reinforcement learning
lgorithm structure and the interaction between strategy search
nd convolution neural network; (2) we conduct comprehen-
ive experiment to verify the effectiveness of the application
f convolutional neural network control strategy in manipulator
ontrol.

. Related work

Our work is related to three research topics in the literature:
anipulator control, reinforcement learning, and deep learning.

.1. Manipulator control

Manipulator control is widely used in modern intelligent ser-

ice robots, which can replace manual work with high complexity

481
Fig. 1. The applications of smart home service robot.

and intensity [4–6]. In modern industry domain, manipulator
plays an important role in some special application scenarios such
as some highly complex and repetitive work. Vision based robot
control attempts to leverage the captured visual information to
analyze the corresponding actions, such as grasp and extension
and shortening. Ajwad et al. [7] proposed a systematic review
of manipulator control methods. Three schemes including robust
control, adaptation based method, and intelligent proportional
integral derivative (PID) method. Manipulator control methods
can be roughly divided into four methods: PID, task function, state
space and control based on image difference. Heredia et al. [8]
proposed a multirotor based aerial manipulator control method.
The proposed manipulator method had 7 degrees of freedom and
can be used in outdoor environment. Wu et al. [9] proposed
dynamic manipulator control method. Pereira et al. [10] pro-
posed a manipulator method consisting of two nested feedback
loops including outer and inner loop. Zhu et al. [11] proposed
a discontinuous projection based manipulator control method.
The proposed method can effectively cope with the variations
of different parameters. Manipulator control always relies on
external hardware devices such as cameras. Based on the num-
ber of cameras, vision-based manipulator control can be divided
into monocular vision control system, binocular vision control
system and multi-vision control system. The manipulator system
can analyze the captured image by the camera and make the
corresponding actions.

2.2. Reinforcement learning

Supervised learning requires large-scale dataset as well as
labels to learn a classifier or data points’ distribution. However,
the labels are not always available. Compared with supervised
learning algorithms, reinforcement learning methods do not re-
quire a label indicating the target class. Instead, it only needs to
indicate ‘‘right’’ or ‘‘wrong’’ feedback for this classification task.
However, the algorithm does not indicate where the classification
results are wrong. Reinforcement learning can be applied in vari-
ous applications such as autonomous vehicles, human–computer
interaction and video games [12,13]. Reinforcement learning has
attracted many research interest in recent years. Mnih et al. [14]
leveraged deep reinforcement learning scheme for human-level
control. Further, Mnih et al. [15] proposed four asynchronous
method for achieving deep reinforcement learning, which can
help train neural network controllers. Lillicrap et al. [16] pro-
posed a deterministic policy gradient based model-free method to
achieve continuous action spaces. Bu et al. [17] conducted a com-
prehensive survey on reinforcement learning. Wang et al. [18]
proposed a dueling network architecture for deep reinforcement
learning. Peters et al. [19] proposed a policy gradient method for
reinforcement learning. Two recent research developments have
proposed to improve the reinforcement learning.



X. Li, J. Zhong and M.M. Kamruzzaman Future Generation Computer Systems 117 (2021) 480–485

2

u
c
g
j
c
t
l
n
d
n
p
(
o
f
c
t

s
p
t
p
f
b
i
d
t
a
e

3

g
l
m
t
t
m
i
n
t
a
i

3

a
s

(
m
t
s
a
p

3

c
w

.3. Deep learning

In recent years, deep learning algorithms have been widely
sed in image processing, such as image recognition and image
lassification [20–22]. Traditional BP neural network will lead to
radient dispersion when weights of the neural network are ad-
usted by using gradient descent, since the non-convexity of the
ost function. Aiming to this problem, Hinton et al. [23] proposed
o pre-train the network. Then, supervised-learning method was
everaged to fine-tune the network to update weights of the
etwork. The training scheme can effectively alleviate the gra-
ient dispersion. Further, Vincent et al. [24] introduced random
oise to the network during training state to acquire more robust
erformance. Glorot et al. [25] introduced rectified linear unit
ReLu) function as activation function of neural networks, which
utperformed traditional activation functions such as Sigmoid
unction. Besides, using the ReLu function as activation function
an effectively eliminate gradient dispersion and accelerate the
raining speed of neural network.

Deep learning attracted widely attention in both image and
peech recognition domain since 2012. Krizhevsky et al. [26]
roposed a deep neural network, termed AlexNet, which achieved
he best performance in ImageNet image classification. The pro-
osed network consisted of five convolutional layer and three
ully connected layer. In the same year, DAHL et al. [27] com-
ined Hidden Markov Model and neural network to achieved
mpressive performance in speech recognition. He et al. [28]
esigned ResNet for image classification. The proposed architec-
ure consists of five convolutional blocks, a global pooling layer
nd fully-connected layer, which achieves deep representation
xtraction and image classification.

. Proposed method

In manipulator control, since programming corresponding al-
orithms to cope with various objects is impractical, thus we
everage policy search-based reinforcement learning method to
ake manipulator learn independently to obtain a controller

hat can meet the different constraints of the object placement
ask. Our proposed method consists of visual component and
achine control component. The pipeline of our method is shown

n Fig. 2. The goal of our method is to train the convolutional
eural network by the deep reinforcement learning algorithm, so
hat the manipulator can learn the required placement of items
utonomously and have certain adaptability for the placement of
tems.

.1. Policy search cost function

We first construct cost function to evaluate the performance of
ctions of manipulator controller. The cost function of the policy
earch method is defined as follows:
In our implementation, we leverage Gaussian Mixture Model

GMM) to cluster samples to reduce the sampling number of the
anipulator. When fitting the GMM, we can effectively reduce

he sampling times of the policy search algorithm by reusing the
ampling of the previous cycles of the algorithm. Then, we lever-
ge the maximum posterior estimate to update local dynamic
arameter model.

.2. Manipulator controller

Policy search algorithm cannot effectively recognize the
hange of position and posture of items. Since deep neural net-

ork can cope with variations of training samples, we propose

482
policy search based convolutional neural network to train an end-
to-end model for manipulator control while remains robustness
of object position. Specifically, we construct visual layer and
machine control layer system for manipulator control, as shown
in Fig. 2.

Local spatio-temporal feature extraction
In order to extract spatio-temporal interest points (STIP), we

leverage the STIP extraction method proposed by Dollar et al. [2]
to extract interest points from video clips. The spatio-temporal
feature is represented by a series of short, local video stream, such
as waving hand and opening mouth. The local spatio-temporal
feature is calculated based on the local areas of the video. These
areas are selected around the spatio-temporal interest points, and
the neighborhood blocks of interest points are selected based on
the time and spatial scales. The representation of interest points
is constructed by characterizing the neighborhood blocks. The
video clips can be represented by the extracted feature vector of
different locations. We leverage STIP as a feature component to
represent the video stream.

The neighborhood cuboids of STIP are segmented into many
cells, each of which is further divided into a series of blocks.
We leverage integral video to calculate the 3D average gradient
vectors for each block. The histogram of each cell is constructed
by combining the histograms of these blocks. Then, we construct
the 3D gradient histogram by concatenating the histogram of all
cells in the STIP neighborhood cuboids. Assuming that there are
M cells along x and y direction, and N cells along t direction. The
dimension of each cell histogram is represented by d. Then, we
obtain a M∧2 Nd-dimension HOG3D descriptor by concatenating
the histogram of all cells.

Traditional optical flow histogram (OFH) calculates the optical
flow of image patches and counts the optical flow distribution
in all directions. However, traditional OFH can only reflect the
attributes of the interest points; however, it cannot feature the
movement in the neighborhood regions. In order to better de-
scribe human action, we design a novel multi-directional pro-
jection optical flow histogram (MDOFH). More specifically, we
first leverage Lucas–Kanade (LK) [3] method to extract the optical
flow. Then, the statistics of the optical flow direction distribution
are transformed into the statistics of the optical flow projection
distribution in multi-directions. Thus, our method can not only
count the direction distribution of the optical flow, but also calcu-
lates the weights of the velocity component according to the size
of the projection. The distribution of optical flow characteristics of
different behaviors in the velocity components is quite different.
We leverage the projection method to weight the optical flow
to achieve more accurate and effective description of the optical
flow. The multi-directional projection optical flow is calculated
as HOG3D. In our implement, we calculate the mean optical flow
in each cell: f_b=[v_xmean,v_ymean]. The quantization of optical
flow in each block is achieved by projecting it into the projection
matrix P of M×N to generate the optical flow histogram H_b:

Hb = P•fb (1)

P = [[(cosα, sinα)]]T (2)

where the range of α is [0∧◦, [[180]]∧◦
], and we divide the an-

gle α into five sector regions. We calculate the projection of
the optical of each sector region to form the project optical
flow. Then, we obtain the cell histogram through stacking all
block histogram. We concatenate the histogram of all cells in
STIP neighborhood regions to generate the DPHOF descriptors
of spatio-temporal cuboids. Our proposed MDOFH method can
effectively cope with dimension disaster. DPHOF is more compact
and efficient in constructing spatial–temporal cube descriptors
of optical flow characteristics. The distribution of optical flow
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Fig. 2. The pipeline of our proposed method.
Table 1
The architecture of our used CNN.
Network Dimension Kernel Slide

Conv. 1 20020015 33 1
Pooling layer 1 10010015 22 2
Conv. 2 10010012 33 1
Pooling layer 2 1001009 22 2
FC1 28 – –
FC2 20 – –
FC3 6 – –

direction is reflected by projection quantization, and the weight
of optical flow velocity component is added more accurately by
projection size, which ensures the high descriptive of feature to
cube information.

3.2.1. CNN based manipulator control
The input of CNN architecture contains joint points of ma-

ipulator and executive information. And the output is the joint
ontrol value of the manipulator at the current time. The visual
ayer mainly consists of convolutional layers and pooling layers.
n manipulator control, the CNN of the visual layer first process
aptured images by the camera mounted on the manipulator.
he feature vector generated by the CNN is combined with joint
nformation vector, which are used as the input of machine con-
rol layer. The CNN used in our implementation is pre-trained on
mageNet, which contains priori information of various objects.
he architecture of our CNN is shown in Table 1. The pooling layer
s maximum pooling layer.

The CNN architecture is trained based on the policy search.
n order to enable the manipulator to perform the specified
lacement task at the training position under the control of the
onvolutional neural network and have some adaptability to the
osition that has not appeared in the training, we designed the
oss function as follows:

The regularization coefficient of the neural network. The cost
unction of formula (1) consists of two parts: KL divergence and
egular term.

.2.2. Training scheme of CNN
In our implementation, we leverage -greedy sampling method

o fuse convolutional neural network and controller. More specif-
cally, for each policy search, the manipulator samples times
ased on the controller. In each environment, the robot arm is
ampled under the control of current controller and convolutional
eural network. After calculating the cost of the two trajectories,
he algorithm takes the sampling method corresponding to the
rajectories with lower cost as the main sampling method of-
reedy. After removing the high cost tracks from this sampling,
he algorithm will finally run a new -greedy sampling method to
ontrol the manipulator and sample times, where represents the
umber of samples to be taken under each task.
483
Fig. 3. The flowchart of convolutional neural network training scheme.

We first pre-train the visual layer of neural network to shorten
the training time. Then in the training stage, we first train the
machine control layer parameters of the convolutional neural net-
work to prevent the visual layer information lost in the first for-
mal training. Then, we construct an effective end-to-end method
to make the convolutional neural network strategy meet the
requirements of the object placement task. The training scheme
is shown in Fig. 3.

4. Experiment and analysis

In this section, we conduct a comprehensive experiment to
verify the effectiveness of our proposed method. We leverage the
UR10 manipulator as the experimental platform. UR10 manipula-
tor is an industrial oriented collaborative manipulator, which has
6 degrees of freedom and can complete the specified operation
by controlling the joint angle of each degree of freedom.

When the deep reinforcement learning algorithm is used for
manipulator control, the command is first transmitted to the
manipulator control box through Ethernet, and then the control
box moves each joint of the manipulator to the corresponding
angle through the internal machine control algorithm. In our
implementation, we leverage the placement experiment to verify
the manipulator control of the proposed algorithm.

4.1. Comparative study

4.1.1. Visual layer evaluation
We first conduct experiment to verify the effectiveness of the

fully-connected layers in the network. In order to make the CNN
based scheme can control the robot on an end-to-end manner,
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Fig. 4. The comparative result of using FC layer and not using FC layer.

Table 2
The average error of two different sampling method (cm).

Policy search -greedy Average error

reduction

Position 1 0.72 0.63 0.09
Position 2 0.56 0.58 −0.02
Position 3 1.45 0.84 0.61
Position 4 0.43 0.36 0.07

5 samples are taken for each training position in each sampling
of the deep reinforcement learning algorithm. The experiment is
divided into two parts: using full connection layer and not using
full connection layer. The experimental result is shown in Fig. 4.
For each experiment, we repeat the experiment for 10 times and
calculate the average value as the final result.

As we can see in Fig. 4, the method not using fully-connected
ayer still remains large error after 180 sampling, which cannot
ffectively complete the task. The algorithm has great random-
ess to the optimization effect of convolution neural network.
owever, the average error of the placement task decreases with
ach iteration of the deep reinforcement learning algorithm when
he full connection layer is added to the visual layer.

.1.2. Sampling method evaluation
We compare the -greedy sampling method with policy search

ethod, and the comparative result is reported in Table 2. We use
he average error as the quantization result. The experiment is
epeated for 10 times and calculate the average value as the final
esult. Compared with policy search scheme, sampling method
sing -greedy scheme has been obviously reduced in position
, position 3, and position 4. When the convolutional neural
etwork is trained under the supervision of strategy search, the
ffect of the convolutional neural network strategy is the same
s that of the current cycle controller after 4 to 5 cycles of deep
einforcement learning algorithm.

.2. Pre-training estimation of CNN

In our implementation, we leverage pre-training scheme to
educe the training time. After five experiments on the convolu-
ional neural network before and after the pre-training, the total
earning curve is shown in Fig. 5. The visual layer of convolutional
eural network is used for pre-training, and the position infor-
ation of the target and the manipulator is obtained when the
eural network is formally trained. The convolutional neural net-
ork without pre-training cannot extract information effectively.
herefore, the learning performance of the two algorithms in the

nitial training process is very different.

484
Fig. 5. The learning curve of pre-training of convolutional neural network.

5. Conclusions

This paper proposes a robot activity understanding method
based on quality-guided deep reinforcement learning. Compared
with traditional methods, reinforcement learning can cope with
the interaction of robot control and environment. However, re-
inforcement learning algorithms cannot remain robustness when
the position or posture of object are changed. To solve this prob-
lem, we propose to leverage deep reinforcement learning scheme
to achieve an end-to-end manipulator control. We design a policy
search algorithm to achieve automatic learning of manipulator.
And we design convolutional neural network control scheme
to remain the robustness of manipulator to avoid relearning of
manipulator. Experimental results have shown the effectiveness
of our proposed method.
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