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ABSTRACT With the rapid development of machine learning, its powerful function in the machine vision
field is increasingly reflected. The combination of machine vision and robotics to achieve the same precise
and fast grasping as that of humans requires high-precision target detection and recognition, location and
reasonable grasp strategy generation, which is the ultimate goal of global researchers and one of the prereq-
uisites for the large-scale application of robots. Traditional machine learning has a long history and good
achievements in the field of image processing and robot control. The CNN (convolutional neural network)
algorithm realizes training of large-scale image datasets, solves the disadvantages of traditional machine
learning in large datasets, and greatly improves accuracy, thereby positioning CNNs as a global research
hotspot. However, the increasing difficulty of labeled data acquisition limits their development. Therefore,
unsupervised learning, self-supervised learning and reinforcement learning, which are less dependent on
labeled data, have also undergone rapid development and achieved good performance in the fields of image
processing and robot capture. According to the inherent defects of vision, this paper summarizes the research
achievements of tactile feedback in the fields of target recognition and robot grasping and finds that the
combination of vision and tactile feedback can improve the success rate and robustness of robot grasping.
This paper provides a systematic summary and analysis of the research status of machine vision and tactile
feedback in the field of robot grasping and establishes a reasonable reference for future research.

INDEX TERMS Machine learning, recognition, grasping, robot, tactile feedback, vision.

I. INTRODUCTION
Vision is the main way in which humans to receive all
types of information, followed by tactile feedback. One goal
of researchers is to equip robots with vision systems that
have high accuracy and robustness, similar to human beings,
to help people complete all types of work. Thus, machine
vision has always been an important research topic in the
field of artificial intelligence and robotics. With the rapid
development of machine learning, machine vision has been
widely and successfully applied in various image process-
ing tasks, such as defect detection, target detection, medical
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image judgment [1]–[14], etc. To this end, researchers hope
to achieve great breakthroughs in machine vision to allow for
precise recognition, positioning and grasp strategy generation
and the realization of stable grasping of robots, which could
lead to wide application.

Although the above papers provide a wide range of
research and surveys of machine learning and machine vision
in plain image processing, there are very few surveys of
machine learning used for object detection recognition and
robot grasping. Accurate and fast object recognition and
grasping based on vision are the basis of robot applica-
tions in both industry and real-life scenarios. This paper
mainly summarizes the research achievements of six main-
stream methods in object detection recognition, positioning,
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grasp strategy generation and grabbing, including traditional
machine learning, deep learning, unsupervised learning, self-
supervised learning, reinforcement learning and visual-tactile
fusion. Machine learning is the inevitable product of artificial
intelligence development to a certain stage and has been put
forward and developed for decades. The most substantial
advantage of traditional machine learning (support vector
machine (SVM), random forest, decision tree, clustering,
and Bayesian algorithms) is that it requires only a small
amount of data and has strong interpretability and fast running
speed [15]–[17]. However, with the increase in the amount
of data, the performance of these algorithms becomes limited
and stagnated instead of continuing to improve [18], [19]. For
a long time after the birth of the neural network algorithm in
the 1980s, SVMs and other machine learning algorithms had
an advantage. However, the gradient vanishing problem of
these algorithms has led to difficulties in deep network train-
ing [20], [21] and revealed limitations in the number of sam-
ples and computing power. In 2012, the success of the Alex
network led to the comeback of the deep neural network [22].
It is widely used in various fields of machine vision, and
its performance continues to increase with the increase in
datasets, avoiding the disadvantages of traditional machine
learning in large datasets. Deep learning needs numerous
labeled data, but it is not easy to label all of the data, which
has led to the emergence of unsupervised and self-supervised
learning algorithms. Unsupervised learning mainly addresses
situations in which the input data is not labeled and the output
is not determined [23], [24]. This approach classifies the
samples according to the similarity. However, unsupervised
learning has no label data at all, which may lead to slow
speed and low precision [25]. Self-supervised learning uses
the input data to generate supervisory information and ben-
efits almost all types of downstream tasks [26], [27]. With
Google’s successful application of reinforcement learning
in the Go game, reinforcement learning has attracted the
worldwide attention of researchers. Reinforcement learning
considers sequence problems and has a long-term perspec-
tive on long-term returns [28], while supervised learning
generally considers one-off problems and focuses on only
short-term and immediate returns. This long-term perspective
of reinforcement learning is very important for determining
the optimal solution to many problems. The key point of the
above algorithm is to process the image collected by the cam-
era, realize the object detection recognition positioning and
grasp strategy generation and then guide the robot to complete
the capture. However, noncontact object perception always
has inherent defects, especially in unstructured environments
and real-life scenes, and it is difficult to accurately predict
the weight, shape and grasping strategy of the object [29].
Based on the above situation, adding pressure sensors to
the dexterous hand to provision it with tactile feedback and
combine it with vision has become a new direction in robot
grasping research [30], [31].

This paper is organized as follows. The first part introduces
the advantages and disadvantages of the six methods and

the main content of this paper. The second part discusses
the research achievements of several mainstream traditional
machine learning methods in image processing, object recog-
nition and guided robot grasping. The third part summarizes
the performance of the convolutional neural network (CNN)
algorithm in object detection recognition position and grasp
strategy generation. In the fourth part, aiming to address
the difficulty of acquiring label data, the paper describes
the performance of unsupervised learning, self-supervised
learning and reinforcement learning in the fields of vision
and grabbing. The fifth part discusses the inherent defects of
vision and summarizes the research achievements of robot
tactile feedback and the combination of vision and tactile.
In the sixth part, the future development prospects of machine
vision in robot object recognition and grasping are proposed
based on the above analysis. Finally, conclusions are drawn
in the seventh part.

II. CLASSICAL MACHINE LEARNING
It has been nearly 70 years since Arthur Samuel put forward
the concept of ‘‘machine learning’’ in 1952. In the 1980s,
machine learning became an independent discipline and
developed rapidly. Since 2006, due to the demand of big
data analysis, neural networks based on machine learning
have attracted more attention and become the basis of deep
learning theory. Currently, the research of machine learning
is mainly divided into two directions: the first is traditional
machine learning, whichmainly studies the learning principle
and pays attention to exploring the learning mechanism of
humanoids [32]–[36]; the second is the research of machine
learning in big data environments, which mainly focuses on
how to use information effectively and how to acquire hid-
den, effective and understandable knowledge from massive
amounts of data [37]–[41]. From the perspective of method-
ology, machine learning can be divided into linear models and
nonlinear models. Linear models are relatively simple, but
they are the basis of nonlinear models, and many nonlinear
models are transformed from linear models [42]–[46]. Non-
linear models can be divided into traditional machine learning
models (SVM, KNN, decision tree, etc.) and deep learning
models. Fig. 1 lists the currently mature traditional machine
learning algorithms and briefly describes their principles and
characteristics [47]–[51]. It is found that the functions of
different algorithms are varied, indicating that each algorithm
has different application scenarios. Although deep learning
plays a dominant role in the field of machine vision, deep
learning is data-driven and has poor performance in small
datasets [52]–[54]. However, traditional machine learning
can adapt to a variety of datasets; especially in scenarios with
small amounts of data (such as the medical field), machine
learning has better performance [55], [56]. In this case,
the advantages of traditional machine learning algorithms
are highlighted. Alternately, the traditional machine learning
model is small, and the requirement of computer hardware is
not high, which yields a strong speed advantage in the field of
manipulator grasping-based vision [57]–[59]. According to
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FIGURE 1. Introduction of traditional machine learning.

the characteristics of different machine learning algorithms,
they can be applied in all aspects of manipulator grasping to
improve the accuracy and robustness.

A. SUPPORT VECTOR MACHINE (SVM)
The SVM has strong generalization performance and can
address machine learning problems in high-dimensional
datasets and small samples, so it is widely used in the field

of image processing. Based on RGB images and point cloud
images, Yuan et al. [12] used the SVM-rank algorithm to
recognize object features and generate the grabbing strategy
and then realize the accurate grabbing of objects by a five-
fingered dexterous hand. Ergene and Durdu [60] used the
bag of words (BoW) method and an SVM to achieve fea-
ture extraction and object classification based on the grid
and then guide the manipulator to achieve the classification
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and grabbing of a pen, water cup and stapler. The accuracy
was 83%. Hu et al. [61] developed an operation and grasp
control system based on sensor-motor fusion for a robot
hand-eye system, proposed a motion recognition method
of a multifinger manipulator based on an AdaBoost-SVM,
and proved the high response and flexibility of this method.
Valente et al. [62] used the competitive Hopfield neural
network to collect several points on the edge of the object
to build an approximate polygon, used the radial bases
function-global ridge regression (RBF) network to process
the polygon, and selected the appropriate grasping points to
guide the grasping of the manipulator.

SVM is a type of supervised learning method that has the
advantages of good classification performance and simple
structure but is difficult to train on large datasets and has
poor performance on multiclassification problems. Accord-
ing to related research [12], [60], [61], SVMs have the
disadvantages of complex feature work and poor gener-
alization performance in target recognition, location and
grasping. However, the improved SVM can be used in
the robot grasping control algorithm and achieves good
results.

B. CLUSTERING ALGORITHM
The clustering algorithm has the advantages of simplicity and
easy implementation and can utilize large datasets, so it is
widely used. Hannat et al. [63] presented a real-time method
for visual categorization to achieve robot grasping. This
method uses the speeded up robust feature (SURF) points
to describe the feature data of objects and uses the K-means
algorithm to extract the vocabulary. The results of our object
recognition experiments show an average accuracy between
95% and 100%. Harada et al. [64] first clustered the polygon
model of the object and the surrounding environment and then
separated the environment and the object through different
clustering algorithms to achieve successful grasping and sta-
ble placement. Verma et al. [65] proposed that the algorithm
of density clustering and homography transformation can
obtain the maximum stable extremal approach of the object
and then realize the accurate positioning of the object, which
provides powerful assistance for the successful grasping of
the manipulator. Zhang and Shen [66] extracted effective
local features from photos of the object. After clustering,
these key points of each image are mapped into a uniform
dimension histogram vector, and the histogram is used as
the input vector of the multiclass SVM algorithm to estab-
lish the training classifier model and realize the real-time
recognition of moving objects. Kouskouridas et al. [67]
combined shape retrieval technology with a classification
and clustering algorithm for attitude estimation of objects.
Wiesmann et al. [68] proposed an event-driven embedded
system for feature extraction and object recognition during
robot grasping. Skotheim et al. [69] proposed a flexible 3D
object positioning system that can make the manipulator
assemble, grasp and place in a 3D environment. The sys-
tem is improved based on a robust clustering algorithm and

attitude verification algorithm, which significantly improves
the accuracy and robustness of the system.

The clustering algorithm is a type of unsupervised algo-
rithm with a long history, and it is widely used because it
does not need training datasets and has a simple structure
and fast speed. In tasks related to target detection and recog-
nition, the clustering algorithm is mainly used for feature
extraction and clustering, and it achieves the segmentation
of the background and target location. However, existing
research results [63], [66], [67], [69] have indicated that the
clustering algorithm usually needs to be used together with
other algorithms to achieve the classification and grasping of
different targets.

C. BAYESIAN ALGORITHM
The Bayesian algorithm plays an important role in manipula-
tor grasping planning. The naive Bayesian model originated
from classical mathematical theory; it has a solid mathemat-
ical foundation and stable classification efficiency, performs
well in small-scale datasets, and can handle multiclassifica-
tion tasks. Budiharto [70] proposed a fast object detection
algorithm based on stereo vision and used the Bayesian algo-
rithm to reduce camera noise and achieve robust tracking.
Wang et al. [71] proposed an online estimation method of
a robot vision servo system based on a traceless particle
filter and the Jacobian matrix. First, the definition of the
total Jacobian matrix is given, and the estimation of the
total Jacobian matrix is transformed into a Bayesian filtering
framework. Then, the paper proposes to estimate the Jacobian
matrix by a traceless particle filter and use the traceless
Kalman filter equation to propagate and update each particle.
Bekiroglu et al. [72] proposed a probabilistic framework
for grasp modeling and stability assessment, which inte-
grates supervised learning and unsupervised learning, and
Bayesian networks are used to model the conditional rela-
tionship between tasks and multiple sensory flows (vision,
ontological sensation and tactile). The obtained model can
not only predict the success rate of grasping but also provide
insight into the dependency between the related variables and
features of object grabbing.

The Bayesian algorithm is widely used in noise reduc-
tion, servo control and grasping probability prediction in the
research of target detection and recognition and robot grasp-
ing, which is mainly due to its solid mathematical foundation
and its ability to address multiclassification tasks.

D. PRINCIPAL COMPONENT ANALYSIS (PCA)
In addition to the above algorithms, PCA also has appli-
cations in the field of vision and robotics. PCA finds the
principal axis direction, which is used to effectively represent
the common characteristics of the same type of samples.
Song et al. [73] developed a general framework to esti-
mate the ability of grasping from the 2D data of an object,
which includes the identification of the similarity of the
local features of the object and the generation of the object
grabbing strategy based on the experience obtained from
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the prelearning. Zhang et al. [74] proposed a shared control
wheelchair manipulator, which can automatically detect a
water cup based on vision and help the disabled achieve the
task of drinking water. In this scheme, a CNN and PCA are
used to separately identify and estimate the attitude and direc-
tion of the object. Mattar [75] proposed a learningmechanism
for stable grasping and control of a manipulator. Based on a
PCA neural network and the Widrow-Hoff method to learn a
large number of patterns of prosthetic behavior, good grasp
control of the prosthetic is realized.

PCA is an unsupervised learning method without parame-
ter limitations, but it is seldom used in the image processing
field. To achieve ideal robot grasping operation, PCA is com-
monly used with a CNN.

Machine learning algorithms have a long history of devel-
opment and have made outstanding achievements in their
respective fields. According to the algorithm principle and
research (Table 1), it is found that target detection recognition
and image processing are not the strong points of machine
learning. First, machine learning algorithms require an ardu-
ous amount of feature engineering, which greatly increases
the difficulty and cost of image processing. Second, machine
learning requires a variety of algorithms to work together or
with CNNs to achieve complete recognition, positioning and
grasping, which increases the difficulty ofmodel building and
training. Finally, with the explosive growth of data in the era
of big data, the disadvantages of traditional machine learning
have become increasingly prominent.

TABLE 1. Comparison of machine learning application scenarios.

III. CONVOLUTIONAL NEURAL NETWORK (CNN)
The CNN is one of the most representative neural networks in
the field of deep learning and has made many breakthroughs
in the field of image analysis and processing. Based on
the standard image annotation set, ImageNet, the CNN has
many achievements, including image feature extraction and
classification, scene and target recognition, and so on. Com-
pared with the traditional image processing algorithm, the
CNN has the advantages of no preprocessing requirements

and high precision [76]–[80], [82], [83]. In 1998,
Yann Lecun et al. proposed a gradient-based back-
propagation algorithm (LeNet-5) for supervised training
of networks [84]. Yann Lecun is known as the father
of the CNN for his outstanding contributions to machine
learning and computer vision. Due to the lack of large-
scale training datasets and hardware, LeNet-5 is not ideal
for complex problems. In 2012, the AlexNet proposed by
Alex Krizhevsky et al. won the image classification cham-
pionship on the ImageNet training set, making the CNN a
key research direction in computer vision. AlexNet uses the
rectified linear unit (ReLU) instead of the sigmoid as the
activation function, and it achieves good results and solves
the problem of gradient disappearance when the network is
deep [22]. At the same time, the use of the GPU-based Com-
puteUnifiedDeviceArchitecture (CUDA) greatly accelerates
the training speed of neural networks. Based on the above
advantages, AlexNet has been applied in defect detection,
location and visual tracking of dynamic objects [85], [86].
In 2014, the GoogLeNet network proposed by Google [87]
won the ILSVRC competition, and its error rate was lower
than that of VGGNet proposed in the same year. Generally,
the position and size of the same object in different images
are greatly varied, and an accurate convolution operation
is needed to recognize this type of object. To solve the
problem exemplified by large convolution kernels, which
usually tend to perceive global information, while small con-
volution kernels mainly capture local information, the idea
of GoogLeNet is to use multiple convolution kernels of
different sizes in the same layer to capture information,
and this structure is called inception [88]–[90]. Due to
the good performance of GoogLeNet in image recognition,
it has also achieved good accuracy in robot target detec-
tion [91]. VGGNet achieved second place in the classification
task of the ILSVRC competition in 2014 (first place was
GoogLeNet) and first place in the positioning task. At the
same time, the model has good generalization ability for use
with other datasets, and VGGNet has proven that a deeper
network can affect the recognition effect of the network to
a certain extent [92]. Because of its simple structure and
strong feature extraction ability, VGGNet has a wide range
of application scenarios. It is often used in the backbone of
target detection (Fast-RCNN, single-shot multibox detector
(SSD), etc.) to extract features [93], [94] and for target
detection of robot grasping [95], [96]. The ResNet deep
residual network proposed in 2015 won first place in the
classification task of the ImageNet competition [97]. Because
of its simple and practical structure, many target detection,
segmentation and recognition algorithms are completed on
the basis of ResNet50 or ResNet101 [98], [99]. The residual
design mainly solves the performance degradation problem
of deep networks and reduces the computation through a
long jump connection. Even if the number of model layers is
very deep, it can ensure normal training. The SSD algorithm
proposed in 2016 is improved on the basis of VGG-16 and
uses a multiscale feature map to a priori detect and set a box
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for target detection [100]. The entire process of SSD requires
only one step, so its most substantial advantage is that it
runs faster. First, dense sampling is carried out in different
positions of the image according to different scales and aspect
ratios, and then the features are extracted by a CNN and
then directly classified and regressed [101], [102]. However,
uniform density sampling will lead to the imbalance of
positive and negative samples, which makes training more
difficult and leads to a reduction in model accuracy. The You
Only Look Once (YOLO) algorithm proposed in 2016 is a
typical one-stage method for target detection; the core idea
is to transform the object detection problem into a regression
problem. The model can directly predict the bounding box
and category probability from the input image by using a
CNN structure [103]. The execution speed is fast, and very
high detection accuracy can be achieved by using a regres-
sion method. From YOLOv1 in 2016 to YOLOv3 in 2018,
the YOLO algorithm has continuously absorbed the advan-
tages of similar algorithms (such as the feature pyramid
network (FPN) and the Fast-Region-based CNN (RCNN))
and achieved higher detection speed and accuracy through
its own continuous improvement and progress, which is
more in line with the real-time requirements of the indus-
try for the target detection algorithm compared with other
algorithms [104]. As two algorithms proposed in the same
year, SSD and YOLO algorithms have made outstanding
achievements in the field of image and vision, and they have
good performance in target recognition, location and capture
strategy generation [104]–[110]. The greatest contribution of
the RetinaNet algorithm put forward by Tsung-Yi Lin et al.
in 2018 is the proposal of focal loss to solve the problem of
class imbalance [111], thus enabling the algorithm accuracy
to exceed the target detection model of the classic two-stage
approach. Both one-stage and two-stage detection algorithms
are proposed based on an anchor mechanism (e.g., Fast-
RCNN, RetinaNet, YOLO, or SSD), and these anchors are
mainly used to find the location of the box; however, all of
these algorithms incur excessive costs because of the anchor
mechanism. This mechanism has two disadvantages. First,
many anchors will be generated in the network, and most
of these anchors cannot box the target; therefore, most of
them are negative samples, with few positive samples. This
outcome leads to the problem of unbalanced positive and
negative samples and consumes an extensive amount of com-
putation. Second, the anchor mechanism introduces a vast
amount of superparameters for the complex network, which
often makes the adjustment of these superparameters very
complicated and increases the complexity of the network.
Based on the above problems, Hei Law et al. proposed an
anchor-free mechanism in 2019, and it used the upper left
corner and the lower right corner to predict the bounding
box instead of implementing an anchor [112]. Fig. 2 lists
the major improvement process of the CNN algorithm from
1998 to 2019 and illustrates the core structure of various
improved algorithms. The recognition accuracy and oper-
ation speed of algorithms have greatly improved by these

developments. To date, various improved algorithms based
on CNNs continue to emerge and are one of the main research
directions in the field of vision.

A. ROBOT GRASP POINT AND GRASP STRATEGY
To solve the problem of robot grasping angle prediction,
Cheng and Meng [113] proposed a two-stage cascade train-
ing process solution. First, the neural network performs
20000 iterations to obtain the ability to locate the object, and
some parameters in the network are frozen. Second, the scale
factor of 1.14 (superparameter) is multiplied by the sin(θ) and
cos(θ ) of the ground truth value. Through these two cascaded
training processes and 500 iterations, the network can obtain
strong direction prediction ability. Zunjani et al. [114] found
that robots need to predict the ideal matrix according to the
intention of the object to achieve an optimal grabbing strat-
egy. They input the object image and intention type metadata
into the full connection layer of the CNN network, which will
achieve the ideal rectangular prediction. Corona et al. [115]
designed a hierarchy model composed of three CNNs for
the problem of grasping deformable objects such as textiles,
which can be trained by using synthetic images and real
images. Through the three steps of object recognition, the first
grabbing point and the second grabbing point, accurate grab-
bing of the object can be achieved. Gaona and Lin [116] pro-
posed an estimator-based particle swarm (PS) optimization
algorithm by a CNN for fast and robust reasoning of robot
grasping points. The cost function of PS is mainly consid-
ered from two aspects: first, the CNN divides the grabbing
features into good features and poor features; and second,
a magnet mechanism is designed to make particles converge
to the object center. The algorithm also includes a confi-
dence factor to reduce misjudgment between the grabbing
point and the nongrabbing point. Yamazaki [117] proposed
a method to detect the grabbing point from irregular-shaped
knitted fabrics. Combining the grabbing point detection with
the shape classifier, a CNN is used to classify the shape
and extract the feature vector of the detected object shape.
Using this feature, the captured points are calculated as
image coordinates, and the effectiveness of this method is
proven.

A reasonable grasping strategy and grasping points are the
basic requirements for the robot to grasp the target based
on vision, and they correspond to the nondeformable object
and the deformable object, respectively. An end-to-end deep
learning model is constructed based on the CNN algorithm,
and the images collected by the camera are input into the
model to realize the reasonable output of the grabbing strat-
egy and grabbing points. However, at present, there are two
main problems. First, the image processing effect is poor if
the noise is large, so image preprocessing and noise reduction
are necessary to realize the grabbing strategy. Second, it is
necessary to manually design reasonable label features to
make the model achieve better results in the test set and
practical applications.
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FIGURE 2. Development track of machine vision based on CNNs. (a) LeNet-5 [84]. (b) AlexNet-5 [22]. (c) GoogLeNet [87]. (d) VGG-16 [92].
(e) Faster-RCNN [94]. (f) ResNet [97]. (g) YOLO [103]. (h) SSD [100]. (i) YOLOv3 [119]. (j) RetinaNet [111]. (k) CornerNet [112].
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FIGURE 2. (Continued.) Development track of machine vision based on CNNs. (a) LeNet-5 [84]. (b) AlexNet-5 [22]. (c) GoogLeNet [87]. (d) VGG-16 [92].
(e) Faster-RCNN [94]. (f) ResNet [97]. (g) YOLO [103]. (h) SSD [100]. (i) YOLOv3 [119]. (j) RetinaNet [111]. (k) CornerNet [112].

181862 VOLUME 8, 2020



Q. Bai et al.: Object Detection Recognition and Robot Grasping Based on Machine Learning

FIGURE 2. (Continued.) Development track of machine vision based on CNNs. (a) LeNet-5 [84]. (b) AlexNet-5 [22]. (c) GoogLeNet [87]. (d) VGG-16 [92].
(e) Faster-RCNN [94]. (f) ResNet [97]. (g) YOLO [103]. (h) SSD [100]. (i) YOLOv3 [119]. (j) RetinaNet [111]. (k) CornerNet [112].

VOLUME 8, 2020 181863



Q. Bai et al.: Object Detection Recognition and Robot Grasping Based on Machine Learning

B. MULTITASK COOPERATIVE OPERATION
Haochen et al. [118] established a neural network for object
recognition, location and attitude detection using the CNN
algorithm. Pose detection is treated as a classification prob-
lem in this model, and multiple tasks, such as recognition
and location are combined at the same level to achieve
good performance in printed circuit board (PCB) datasets.
Chen et al. [120] introduced the grasp path based on CNN to
predict multigrasp tasks, mapped the grasp candidate options
to the grasp path and generated the mapping capture, and the
deviation between them is taken as the estimation error of
back-propagation. Experiments on the datasets and real scene
show that this method can improve the detection accuracy and
be well extended to the occluded objects.

Complex system engineering is required to realize target
grabbing based on vision, which involves a series of steps,
such as recognition, positioning and pose detection, that are
all in the field of image processing. Therefore, building a
model based on CNNs to realize the real-time processing of
multiple tasks and the probability ranking of output results is
an important research direction.

C. OBJECT 3D SHAPE CONSTRUCTION
Roy et al. [121] used CNN (VGG16) to classify the objects
grasped by the manipulator into four categories, cylin-
drical, spherical, cubic and conical, and then generated
four different grasping strategies. This method achieves
93% accuracy in real-time object recognition and grasping.
Yan et al. [122] introduced a deep geometry-aware grasping
network (DGGN), which divides learning into two steps.
First, the 3D shape model and scene are generated and
reconstructed by RGB-D, and then the construct of geometry
representation is acquisition. Second, the results are predicted
by learning the geometry perception representation within
the model. Satish et al. [123] learned the deep strategy from
the comprehensive training datasets of a point cloud and
used the analysis algorithm of a random noise model to
randomly sample, grab and reward the domain to explore
how the distribution of comprehensive training examples
affects the speed and reliability of the robot learning strategy.
A comprehensive data sampling distribution is proposed in
this paper, which combines the grabbing sample from the
strategy action set and the guide sample from the supervisor
with high robustness. This method is used to train the robot
grasping strategy based on a full convolution network archi-
tecture, which evaluates millions of grasping options in four
degrees of freedom (three-dimensional position and plane
direction). The experimental results show that CNN based
on full convolution grasp quality (FC-GQ-CNNs) has better
speed and reliability. Liang et al. [124] proposed an end-to-
end grabbing evaluation model (PointNetGPD) to solve the
problem of grabbing configuration directly from the point
cloud map. The model is lightweight and takes the original
point cloud image as the input, which can directly process and
evaluate the 3D point cloud image inside the grabber. Even
if the point cloud is very sparse, it can capture the complex

geometry of the contact area between the grabber and the
object.

Dividing objects into several categories according to their
general shapes and then generating different grabbing strate-
gies based on the category is a good approach, but the general-
ity is poor. It is very important to realize the 3D reconstruction
of the object based on vision. The RGB-D image collected
by the depth camera is input into the deep learning model to
realize 3D reconstruction, which can improve the success rate
and speed of the capture.

D. MOTION PATH
To solve the problem of dexterous hand grasp force when
performing tasks, Sun et al. [125] proposed a motion repro-
duction system based on several motion and depth data. At the
same time, CNN is used to estimate the motion instructions
of the depth image, and the force data is saved to generate the
label training datasets. Deng et al. [126] proposed a learning
framework combining semantic reach-to-grasp (RTG) with
trajectory generation, aiming for the successful realization of
semantic reach-to-grasp in unstructured environments. First,
an object detection model based on deep learning is used to
detect the interested objects, and the trained network based
on the Bayesian search algorithm is used to find the most suc-
cessful grabbing configuration from the object segmentation
image. Second, a model-based trajectory generation method
is designed for the robot’s arrival motion, which is inspired
by the theory of the human internal model to generate the
trajectory satisfying the constraints; the effectiveness of this
method has been proven.

Different grasping forces are the key to grasping different
objects successfully. Associating scene images with force
data and using the CNN model to complete training can
improve the adaptability of the robot grasping force. The
combination of a CNN and the traditional machine learning
algorithm can realize the sorting of several options and output
the optimal value.

E. REAL-TIME MOTION
González-Díaz et al. [127] proposed a real-time solution to
the problem of grasping action in self-centered video. First,
aiming to address the problem of deciding which object will
be grabbed and when to trigger the grabbing operation from
a given classification, this paper determines the grabbing
area based on the gaze-guided CNN focusing on an object.
Second, the fixed sequence obtained is noisy because of
distraction and visual fatigue, and gaze is not always reliable
for the object of interest. To solve this problem, video-level
annotation is used to represent the object to be grabbed,
and a loss function is used in a deep CNN. To detect when
a person removes an object, the prediction ability of long-
and short-term memory networks is used to analyze gaze
and visual dynamics. The results show that this method
has better performance than other methods in real datasets.
Farag et al. [128] proposed a real-time object detec-
tion algorithm based on a selective flexible assembly
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TABLE 2. Comprehensive performance comparison of mainstream CNN models.

manipulator (SCARA) for robot grasping and positioning in
industrial assembly lines. The motion of a SCARA robot
is composed of two parts: target detection based on deep
learning and position measurement based on edge detection.

Real-time performance is very important for robot grasp-
ing, and good real-time performance can guide the robot to
realize the recognition, positioning and grasping of dynamic
objects. Based on the CNN-AlexNet, the researchers used the
transfer learningmethod to establish a target detection model,
knowledge and statistics superimposing network (KSSNet),
which achieved a 100% success rate in target detection, loca-
tion and capture.

The target detection, recognition, location and grasp strat-
egy generation involved in robot visual grasping are all in the
field of image processing, and the CNN has strong perfor-
mance in such a field. Therefore, the CNN is widely used in
the field of visual grasping and has a good effect. As shown
in Table 2, from the proposal of the first full-fledged CNN
in 1998 to the RetinaNet network in 2018, deep learning
has been developing rapidly, and the accuracy and speed
have greatly improved. At present, CNN research is generally
based on supervised learning, which needs a large number
of labeled datasets for model training. However, with the
continuous development of computer vision, it is increas-
ingly difficult to obtain valuable labeled datasets, and most
of the labeled data are calibrated by humans, which greatly

increases the consistency, difficulty and cost of labeled data
acquisition. Because of the above reasons, neural networks
that do not need or rely on labeled data have become a
worldwide priority research direction. These algorithms need
little or no labeled data or do not need manually labeled data,
which greatly reduces the need for human intervention in the
model training process.

IV. DIFFERENT MACHINE VISION ALGORITHMS
WITHOUT LABELED DATA
Supervised learning (especially CNN) has made remarkable
achievements in the field of vision after nearly ten years of
rapid development, but it has also attracted some criticism.
Label data are very important for the training of supervised
learning, and the label data of traditional supervised learning
need to be labeled manually, which not only leads to the
high cost but also appears less intelligent. With the rapid
increase in artificial intelligence applications, especially
machine vision, researchers hope to achieve model train-
ing without a large number of artificial annotation datasets.
Unsupervised learning can complete training based on unla-
beled data, so it can realize object recognition and grasping
very intelligently [129]–[132]. Self-supervised learning is
a special case of supervised learning that does not need a
large number of manually labeled datasets to realize model
training [133]–[137]. Reinforcement learning is learning an
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FIGURE 3. Comparison between supervised and unsupervised learning.

optimal policy, which can make the agent perform an action
according to the current state in a specific environment to
obtain the maximum return. Reinforcement learning was not
the focus in the early stage, but with Google’s successful
application in Atari and Go games, this branch of machine
learning has attracted much attention. With the development
of deep reinforcement learning, researchers have combined
it with machine vision [138]–[142] in the hope of removing
the need for labeled data and artificial means to achieve
intelligence.

A. UNSUPERVISED LEARNING
Unsupervised learning is one of the most difficult and impor-
tant problems in machine vision and machine learning. Many
researchers believe that learning from a large amount of unla-
beled data can help solve problems concerning intelligence
and the nature of learning. In addition, unsupervised learning
has practical application value in many fields of computer
vision and robot grasping because of the low cost and ease
of collecting unlabeled image datasets. It is easy to see why
researchers think unsupervised learning is more intelligent
through Fig. 3.

Unsupervised learning can be regarded as a branch of
traditional machine learning. Dimension reduction and clus-
tering are well-known unsupervised learning methods, but
traditional unsupervised learning is significant in data anal-
ysis. With the rapid development of deep learning and the
difficulty of label data acquisition, the combination of deep
learning and unsupervised learning has gradually become a
reasonable research direction. Lenz et al. [143] designed a
system to achieve robot grasping from RGB-D images by
using deep learning. This method can label data without
manual work. To quickly select the grabbing options, this
paper proposes a two-step series deep learning network. The
first network quickly selects several grabbing strategies with
high probability, and the second network takes the output
of the first network as the input and calculates the optimal

grabbing strategy. Ardon et al. [144] proposed a method to
detect and extract multiple grabbing signals through visual
input. This method does not need to manually define label
data but collects their distribution, location and executable
grasp label data from 1269 objects to obtain their relationship
with input. The model not only learns to grasp the object but
also has better generalization ability in different environments
based on these datasets. Detry et al. [129] designed a new
method of object recognition and grabbing based on the
reduced dimension and clustering algorithm and let themodel
learn from a group of grabbing examples to improve the
generalization ability. Unsupervised learning has the advan-
tage of object classification based on multimodal information
because it does not require label data [130]–[132]. However,
due to the inherent defects of vision and the development of
sensor technology, it has become a hot direction to integrate
the information of vision, tactile feedback and hearing to help
the robot achieve accurate recognition and grasping of the
object.

Because unsupervised learning does not need labeled data,
it has good generalization and can extend some features of
known objects to similar objects to achieve the grasping
of unknown objects. Alternately, as a pretraining method,
unsupervised learning plays an important role in the success
of deep neural networks.

B. SELF-SUPERVISED LEARNING
Self-supervised learning mainly uses pretext tasks to mine
its own supervision information from large-scale unlabeled
datasets, and the training of the neural network is based
on constructed supervision information to learn valuable
representations of downstream tasks. As shown in Fig. 4,
the assessment of self-supervised learning ability is mainly
completed through a pretraining-fine-tuning mode. First,
the network is trained by pretext from a large number
of unlabeled datasets (automatic construction of supervi-
sion information in the data), and the pretraining model is
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FIGURE 4. Process of self-supervised learning.

obtained. Then, for the new downstream tasks, the algo-
rithm adopts a method similar to supervised learning, which
can obtain parameters through transfer learning and then
fine-tune them. Thus, the ability of self-supervised learn-
ing is mainly reflected by the performance of downstream
tasks.

Nguyen et al. [133] adopted a self-supervised learn-
ing method in which the training datasets are automati-
cally marked by the model. In this paper, a continuous
level neural network is proposed to reduce the runtime of
the grabbing task by eliminating the nonextractable sam-
ples from the reasoning process, and the network can esti-
mate 18 grabbing postures and classify 4 objects at the
same time. The experimental results show that the accu-
racy of the network is 94.8% for grasping posture estima-
tion and 100% for object classification within 0.65 seconds.
Murali et al. [134] proposed a new method to accelerate the
self-supervised learning process and mapped visual informa-
tion to a high-level and high-dimensional movement space to
realize the training strategy of the model. Florence et al. [135]
used self-supervised correspondence to improve the gener-
alization ability and sample efficiency of visually driven
strategy learning. Yang et al. [137] proposed a critical policy
form to design a deep learning method for a new problem
named ‘‘grasping the invisible,’’ where a robot is tasked
with grasping an initially invisible object via a sequence of
nonprehensile (e.g., pushing) and prehensile (e.g., grasping)
actions. In this paper, the Bayesian algorithm and classifier
model are combined, the self-supervised method is used to
train the motion critic and the classifier in the interaction
between robot and environment, and a good success rate is
achieved in the experiment.

Self-supervised learning is a type of unsupervised learn-
ing that realizes the supervised training through the auto-
matic generation of labels. Self-supervised learning not only
achieves high accuracy and speed in object recognition

classification and grasping attitude estimation but also has
good generalization performance.

C. REINFORCEMENT LEARNING
Reinforcement learning has achieved good results in many
decision-making fields, especially in the game field, which
has reached or even surpassed the human level. However, it is
not widely used in the field of machine vision, which may
be because vision does not seem to directly correspond to
a decision-making environment or interpretable action steps
similar to that seen in games. Even so, because reinforce-
ment learning does not need label data and works similar
to human beings, it has aroused researchers’ enthusiasm to
apply it to the visual field. Fig. 5 lists several mainstream
reinforcement learning algorithms and their core structures.
From the initial Q-learning to the recently popular deep
reinforcement learning, it shows that reinforcement learning
is developing rapidly. The training process of reinforcement
learning with little or no human intervention has fascinated
many researchers. As early as 2014, the Google DeepMind
team applied deep reinforcement learning to the attention
mechanism [145]. In 2018, Yu et al. [146] applied deep rein-
forcement learning to image repair and achieved good results.
James et al. [147] proposed a new benchmark and learn-
ing environment for challenging robotic learning: RLBench,
which is designed to accelerate progress in the field of visu-
ally guided manipulation. The above research lays a foun-
dation for the application of deep reinforcement learning in
machine vision to guide robots in recognizing and grasping
objects.

The model-free deep reinforcement learning proposed by
Zeng et al. [148] found that it was feasible for robots to
learn some cooperative grasping strategies. By training two
complete convolution neural networks, the first is from vision
mapping to action, and the other is used for robot grasping.
These two networks are jointly trained in the Q-learning
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FIGURE 5. Mainstream reinforcement learning algorithms.

framework, and self-supervised training is completely carried
out by a trial-and-error method. In the trial-and-error method,
the successful completion of the action can be rewarded,
and the learning strategy can promote action in this way.
Wang et al. [149] proposed a method combining Q-learning
and a visual servo to solve the grasping problem of wheeled
mobile robots and realized the robust grasping of robots.
Gu et al. [150] proposed a new deep reinforcement learning
algorithm based on deep Q-functions nonstrategy training
that can adapt to complex 3D operation tasks.

Breyer et al. [151] proposed an object grabbing algorithm
based on reinforcement learning. In this paper, the image
collected by a depth camera is mapped to the closed-loop
control strategy of motion command, and several differ-
ent methods are compared to ensure the rationality of

the algorithm. Katyal et al. [152] used deep reinforcement
learning to make a robot immune to the changes of manip-
ulator or environment and achieve robustness to changes
of the environment without clear prior knowledge and fine
kinematics knowledge of the human arm structure and with-
out careful hand-eye calibration. Ghadirzadeh et al. [153],
to solve the inherent delay in motion perception processes,
proposed a data-based deep predictive policy training (DPPT)
framework, which maps the observed images to a series of
motion activation. The system consists of three subnetworks,
namely, the perception, strategy and behavior superlayer, and
each task is trained by strategy search reinforcement learning.
Nguyen et al. [154] compared the performance of propri-
oceptive/kinesthetic input and original visual input in the
framework of deep reinforcement learning and found that the
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TABLE 3. Analysis of advantages and disadvantages of unlabeled data algorithms.

former greatly improved the performance of the agent com-
pared with the latter. Beltran-Hernandez et al. [155] proposed
a reinforcement learning model based on a strategy search
algorithm, which shows good robustness in the generalization
from a simple shape object to a complex one. Li et al. [156]
put forward a type of reinforcement learning strategy for the
operation and grasping of a mobile manipulator to solve the
problem of human-like mobile robot learning complex grasp-
ing action in a human environment. This strategy reduces the
complexity of visual feedback and can deal with the chang-
ing operation dynamics and uncertain external interference.
Miljković et al. [157] proposed a robot intelligent visual servo
controller based on reinforcement learning, developed two
different time difference algorithms (Q-learning and SARSA)
and combined them with a neural network, and then tested
them in different visual control scenes. Compared with the
traditional image-based visual servo system, the algorithm
proposed in this paper has better performance for low-cost
visual system manipulators.

Bousmalis et al. [158] studied how to extend the ran-
dom simulation environment and region adaptive method
to the training grabbing system to grab new objects from
the original monocular RGB image. By using only unla-
beled real-world data and the grasp generative adversarial
network (GraspGAN) algorithm in this paper, the grabbing
performance is similar to that obtained with 939,777 labeled
real-world samples. James et al. [159] proposed a method
called random to canonical adaptation networks (RCANs) to
solve the problem of difficult acquisition of real label data in
the field of robotics, which can achieve real-world effects by
using nonreal-world data. The paper trained a visual-based
closed-loop grabbing reinforcement learning agent in sim-
ulation and then transferred it to the real world, achieving
very good performance and proving the effectiveness of this
sim-to-real method. Hellman et al. [160] proposed a con-
textual multiarmed bandit (C-MAB) reinforcement learning
algorithm that integrates vision and tactile feedback to realize

the closure function of a transparent and easily deformable
zipper bag. Platt [161] took tactile feedback as the main
information source and combined part of the visual infor-
mation to achieve better performance in the experiment of
grasping plane objects. Merzic et al. [162] used model-free
deep reinforcement learning to combine vision and tactile
feedback to generate a control strategy. The results show
that tactile feedback can significantly improve the grasping
robustness of objects with attitude uncertainty and complex
features.

Traditional reinforcement learning has the limitation of a
small action space and sample space, and it is usually used
in a discrete situation. However, being more complex and
closer to the actual situation of the task often yields a large
state space and continuous action space. When the input data
are images or sound, it often has a high dimension, and the
traditional reinforcement learning has difficulty addressing it.
The deep reinforcement learning combines the deep learning
and reinforcement learning to make the two complementary
and achieve better performance.

As shown in Table 3, the three types of algorithms do not
need manually labeled data, which has great advantages over
the traditional CNN algorithm. The three algorithms not only
have achieved outstanding results in their respective fields but
also achieved good performance in the fields of vision and
robotics. The clustering algorithm in unsupervised learning
is widely used in the field of vision. Through the fusion of
the clustering algorithm and deep learning, it can realize the
accurate recognition and classification of the objects and the
recognition of the robot’s running posture and trajectory, but
it also has the disadvantage of low efficiency. The data are
easy to obtain, but the labeling cost is high, so researchers
hope that supervised learning can train a model with good
generalization performance by using few labeled datasets.
However, if a good feature expression can be obtained, it will
be conducive to the fine-tuning of downstream tasks and mul-
titask training, which is also the core idea of self-supervised
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learning. Self-supervised learning takes unlabeled datasets as
input, automatically constructs labels through the structure or
characteristics of the data itself, and then carries out training
similar to supervised learning. Based on the above advan-
tages, self-supervised learning has achieved good training
effects and high-precision target recognition and positioning
in the field of vision, but it has the problem of label rationality.
The principle of reinforcement learning makes it not domi-
nant in the field of vision and target detection and recognition.
The integration of reinforcement learning and deep learning
is the mainstream research direction and has achieved good
performance in many decision-making fields. The visual per-
ception model based on deep reinforcement learning can
predict all possible actions in the current state when only the
original image is input. Therefore, deep reinforcement learn-
ing has some research achievements in the action conditional
video prediction task. In addition, the deep reinforcement
learning based on the strategy gradient (e.g., trust region pol-
icy optimization (TRPO), generalized advantage estimation
(GAE), stochastic value gradient (SVG), and asynchronous
advantage actor-critic (A3C)) realizes the behavior control of
the robot and is verified in the actual application scenario.
The low sampling efficiency of reinforcement learningmakes
training difficult, and a reasonable reward function and net-
work structure need to be designed to achieve better results.

V. FUSION OF VISUAL AND TACTILE FEEDBACK
After years of development, object recognition and loca-
tion based on machine vision has achieved great success,
which lays a solid foundation for research on robot grasping.
At present, representative object detection algorithms (e.g.,
Faster-RCNN [94], SSD [100], and YOLOv3 [119]) can
quickly identify and locate objects, but relying on precise
location alone cannot make the manipulator achieve stable
grasping in complex environments. From the view of people’s
own experience in grasping objects, a series of attributes,
such as the hardness and quality of objects, are needed to
ensure the success of grasping. In addition, the accuracy of
machine vision is greatly affected by the surrounding envi-
ronment. When the robot is applied in a variable light source
environment, such as life scenes, the robustness of machine
vision is low [193]–[197], and it is difficult to achieve stable
grasping only by machine vision when the object can easily
deform [198]. To solve these problems, researchers in the
field of robotics and vision consider adding additional tactile
sensors to the robot to achieve more stable grasping. The
research direction is mainly divided into single tactile object
perception [199]–[203] and vision-tactile fusion [204]–[207]
object recognition and grabbing.

A. TACTILE FEEDBACK
For human beings, tactile feedback is the second most impor-
tant signal receptor after vision, which plays an important
role in life. With the development of tactile sensor technol-
ogy [208]–[212], researchers hope that robots can also have
the same tactile perception ability as humans and further

realize intelligence. It is a good idea to apply tactile tech-
nology to the robot alone, which can avoid the fusion of
different signals and improve the processing speed of the
system. As shown in Fig. 6, Sundaram et al. [213] proposed
a low-cost and high-robustness tactile glove, which weaves
the array pressure sensor on the surface of the flexible glove
and then wears it on the hands of the experimenter to collect
the tactile data of different objects. By touching different
objects, different pressure point cloud images are obtained
and introduced into the neural network for training to realize
object recognition and weight estimation without vision.

Rasouli et al. [199] developed a neural morphological
system for tactile pattern recognition, aiming to address the
problem of low efficiency and capability of artificial tactile
sensors. The system achieved 92% classification accuracy
in a texture recognition task and proved that there is a
tradeoff between response time and classification accuracy.
Ward-Cherrier et al. [200] studied the development of the
gripping platform Gr2, which demonstrated the reorientation
of the grasped object through active tactile manipulation and
used a new tactile sensor for tactile manipulation. The active
tactile manipulation proposed in this study is modeless and
can be used to study the operation principle of a dexterous
hand. Bimbo et al. [201] proposed a method to locate the
grabbed object in the robot’s hand, which includes calculating
the covariance of the pressure data of the tactile sensor and
the eigen basis vector from the main axis. Liu et al. [202]
regarded tactile data as a time series, used a dynamic time
warping method to evaluate its difference, and proposed a
joint kernel sparse coding model to solve the representation
and classification of tactile data. Bhattacharjee et al. [203]
used the first two seconds of force, heat, and motion sensing
data collected by a robot in a real environment to solve the
impact of the surrounding environment on tactile perception
when the robot works in a human environment (such as a
home), and data-driven approaches to the problems of vari-
ous tactile perception performances (neighbor, SVM, hidden
Markovmodel, and long short-termmemory) have been char-
acterized. The results show the value of multimodel tactile
perception and data-driven methods for short-term contact
tactile perception.

The research history of machine tactile feedback is rel-
atively short and clearly lags behind machine vision. This
lag is mainly due to the backward hardware performance
of tactile sensors and the confusion of sensor types. Alter-
nately, the lack of research content and methods of tactile
technology also causes the lag of tactile research. With the
rapid development of intelligent robots, tactile feedback has
gradually attracted the attention of researchers, and there are
many fruitful research achievements. At present, the research
of tactile technology mainly focuses on three areas: 1. Hard-
ware improvement of tactile sensors is needed. Through the
improvement of hardware, the sensitivity of the sensor can
be improved, and multiple types of data can be collected
at the same time (e.g., temperature, pressure, friction, etc.).
2. Based on the sense of tactile feedback, the precise
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FIGURE 6. Tactile sensor schematic.

FIGURE 7. Framework of visual-tactile fusion for object recognition.

extraction of object features can be achieved, and then
the model-free stable operation of objects (e.g., grasping,
classification, recognition, attitude estimation, etc.) can be
achieved to improve the generalization of the tactile feedback.
3. The tactile feedback and deep learning are combined to
realize the acquisition and training of tactile datasets, and
then the deep neural network (DNN) realizes the weight per-
ception, grasp and classification of objects. Tactile feedback
is second only to vision in information perception, but its
research and application are much worse than those of vision,
mainly due to the poor universality and reliability of tactile
feedback. The application of tactile technology tomultisensor
sensing systems to realize complementary information per-
ception is a reasonable future research direction.

B. FUSION OF VISION AND TACTILE FEEDBACK
The integration of vision and tactile feedback helps the
robot to achieve better grasping, which is also more in
line with human expectations for the robot. However,
the research time of robot tactile feedback is relatively short,
and many types of sensors and multisensor data fusion
approaches are involved, which leads to the difficulty of tac-
tile research, which is scattered and unsystematic. As shown
in Fig. 7, the object recognition and grabbing system based on

visual-tactile fusion is generally divided into four steps. First,
2D vision processing technology is used to determine the
object position and boundary area, and then 3D vision is used
to determine the object’s center of mass as the starting point
of tactile detection. Second, tactile exploration is carried out
for features and positions (e.g., pits, holes or occluded areas)
that are hard to determine by vision to further determine the
object surface features. Third, the information collected by
vision and tactile feedback is fused to generate accurate 3D
point cloud images. Fourth, an appropriate grasping strategy
is generated to guide the robotic arm to complete the object
grasping based on the visual centroid and tactile features.

Calandra et al. [204] studied how robots learn to use tac-
tile information for iterative operations to effectively adjust
their grasping strategy. In this paper, an end-to-end action
condition model is proposed to learn the grasping strat-
egy from the original visual-tactile data. Guo et al. [205]
proposed a method of vision-tactile combination based on
deep learning for robot grasping detection, and experi-
ments show that tactile data is helpful for deep learning to
learn better object characteristics of robot grasping detection
tasks. Li et al. [206] designed a sliding detection algorithm
using the GelSight tactile sensor and the camera installed
on the side of the gripper without knowing the physical
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parameters of the object in advance. Using the image
sequences collected by two sensors, a DNN is trained to
classify the grabbed objects and evaluate the stability of the
grabbing process. Garg et al. [207] proposed an adaptive
grasping method based on tactile and visual feedback. This
method combines model-based partially observable Markov
decision process (POMDP) planning with simulation learn-
ing, which has strong robustness under uncertainty, strong
generalization ability and fast execution ability for multiple
objects. Wang et al. [214] proposed a new method to solve
the problems of imprecise visual modeling and low tactile
efficiency. Through the combination of vision and tactile
feedback, as well as learning the prior knowledge of common
object shapes from a large shape database, this method can
effectively perceive the accurate 3D information of the object.
Hogan et al. [215] proposed a regrasp control strategy using a
tactile sensor to adjust the local grasping action. In this paper,
the local transformation of the actual search tactile value is
used to determine the regrasp action to improve the quality
of the grasp. The success rate of vision-tactile fusion is 70%
higher than that of vision alone. Sun et al. [216] put for-
ward two different tactile sequence models according to the
advantages of vision and tactile feedback, proposed an object
shape modeling method based on the direction description
histogram features, and then considered the accuracy of the
grasping point and the rapid planning of hand kinematics to
achieve the grasping operation.

Through the research results of the above papers, it is
found that the fusion of vision and tactile feedback improves
the robustness and success rate of robot grasping, indi-
cating that the introduction of tactile feedback provides a
new direction for robot grasping research. The grasping of
deformable objects has always been a difficult problem, and
the operation needs to accurately estimate the real-time state
of the objects. At present, the main research direction is
machine vision, but the vision is very sensitive to occlu-
sion, which is inevitable when the robot moves. Compared
with vision, tactile feedback has strong robustness, so the
addition of tactile feedback can solve this problem well.
Sanchez et al. [198] proposed a modular pipeline that can
track the shape of deformable objects online by coupling the
tactile sensor with the deformation model and achieve robust
grasping through the combination of vision and tactile feed-
back. Jain et al. [217] proposed a simulation-based learning
method that uses a simulated five-fingered dexterous hand
to train the deep visual motion strategy of various opera-
tion tasks and found that using tactile sensitive information
can make the task with a highly occluded object exhibit
faster learning speed and better asymptotic performance.
Yu et al. [194] proposed a framework that fuses vision and
tactile feedback to estimate the attitude and contact state of
objects relative to the environment in real-time, aiming to
address the application of inserting objects picked up by a
suction cup into a small space. The fusion algorithm based
on iSAM (an online estimation technology) is adopted in the
framework to realize the fusion of robotmotionmeasurement,

TABLE 4. Comparative analysis of vision and tactile feedback.

geometric contact between object and container, and visual
tracking. Finally, a data-driven method is proposed to deduce
the contact information to achieve better grasping and place-
ment. Santina et al. [218] proposed a data-driven autonomous
grasping mechanism of a humanoid soft hand to improve the
grasping performance. The nail of the humanoid soft hand is
equipped with an inertial measurement device to detect the
contact with objects. In this paper, a classifier is obtained by
a deep neural network, which takes the visual information of
the grasped object as input and predicts the grabbing action.
Hang et al. [219] proposed a unified framework for grasping
planning and hand grasping adaptation based on visual, tactile
and proprioception feedback. The main purpose of the frame-
work is to solve the problems of object deformation, sliding
and external interference to achieve grasping.

As shown in Table 4, visual and tactile feedback are the
basic ways for a human or robot to perceive the environment
or target, and they are the key research fields of scholars
across the globe. Because of their different principles and
data structures, they both have advantages and disadvantages
in perception and recognition, so combining them is a rea-
sonable choice. The combination of vision and tactile feed-
back realizes complementary advantages, which can achieve
more accurate object recognition, real-time state estimation,
grasp force adjustment, 3D object modeling, grasping pose
detection and other functions, but the process of multivariate
data analysis is difficult. At present, the mainstream research
direction of visual-tactile fusion is to realize the direct input
of visual-tactile data and the output of results via end-to-
end deep learning. However, some problems remain, such
as the lack of a general research framework, confusion over
methods and challenges related to unified evaluations.

VI. DISCUSSION AND FUTURE DIRECTIONS
The ultimate goal of researchers is to create machine vision
and robots that have the same visual recognition and grasping
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ability as human beings; this is an important step that must be
achieved so that robots can be more widely applied—from
industry to daily life. Although there has been great progress
in object recognition, location, grasping speed and accuracy,
there is still a vast gap that must be crossed, with human
beings in the face of unstructured life scenes, which is an
important reason why robots cannot be applied in daily life at
present. Based on the development status of machine vision
and the analogy analysis with human vision, the following
thoughts are put forward regarding the future development of
robot grasping.

1. Vision is still the mainstream technology. Due to the
noncontact and high-efficiency characteristics of vision, it has
great advantages. With the development of camera technol-
ogy, the collection of environmental and object information
will be more accurate and robust, which will greatly enhance
the development of machine vision.

2. Tactile feedback will become an important part of robot
grasping systems. Due to the inherent defects of vision,
it is difficult to generate an appropriate grabbing strategy
in complex environments according to the characteristics of
objects collected by vision. Hence, the combination of vision
and tactile feedback will be an important future development
direction so that accurate recognition and positioning of the
object and stable grasping can be achieved.

3. CNNs will still develop rapidly over a short period of
time, but they may be replaced in the future. The CNNmodel
evolves from a giant to a lightweight network step by step
and achieves continuously higher accuracy in the process.
However, it needs a massive amount of labeled data for train-
ing, which is time consuming. Real artificial intelligence (AI)
needs the ability to complete few-shot learning.

4. Reinforcement learning and unsupervised learning will
develop rapidly. Due to their low dependence on label data,
the training process is relatively intelligent, which meets
people’s expectations of AI.

VII. CONCLUSION
Machine vision and robotics are two research directions that
serve as inspiration for researchers all over the world. People
hope to combine these two streams of research to create
robots that have the same target recognition and grabbing
ability as humans, which could lead to the partial realization
of futuristic scenes in movies or science fiction. In this paper,
the mainstream machine vision technology applied in robots
is reviewed in detail, including traditional machine learning;
CNNs, which have achieved good accomplishments in recent
years; and reinforcement learning, unsupervised learning and
self-supervised learning, which preclude labeled data limi-
tations. In view of the limitations of vision, this paper also
summarizes the development of tactile feedback in detail.
This survey provides a detailed reference for the evaluation of
current research on robot grasping based on machine vision
and tactile feedback. Future research directions of machine
vision and robot grasping are also considered.
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