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Abstract—Object grasping of humans and robots is a
research topic that contains many challenges. This process
needs to solve many problems in the field of computer vision
and robotics such as Kkinetics, hand recognition and
positioning, object recognition and positioning in the
environment, generate hand shape to grasp, detect grasp
area. To perform an effective grasp, it is necessary to
understand the attributes of the grasp object. From this
taking manipulation actions to fit with the object attributes.
In order to make automatic grasp, the steps in (grasp types
recognition, object attributes recognition, manipulation
actions recognition) need to automatically understand and
follow a consistent model. In the paper, we conduct a survey
and systematized approaches to solve each component
problem based on the relationship of interaction between
issues: grasp types recognition, object attributes recognition,
manipulation actions recognition. Approaches to solve each
problem are presented from traditional methods to modern
methods. For example, the training of identification models
is presented based on traditional methods such as using
SVM to train on characteristics to use deep learning models
with the Convolutional Neural Networks (CNNs) for
training identification model.

Index Terms—grasp types,
recognition, relationship

object attributes, object

I.  INTRODUCTION

In order to grasp objects in daily life, intelligent robots
and humans must understand the attributes of the object
such as: surfaces, shapes, sizes, etc. There has been much
research in the past decades about the definition of grasp
types of objects to build robot arms that assist object
grasping [1]. Specially, the object attributes will be related
to the number of fingers of the robot arm, as shown in Fig.
1, Fig. 2. Therefore the object attributes are important
information to build a dataset on the grasp types.

Grasping objects are the process of resolving the
relationship of the following three factors: hand grasp
types, object attributes and manipulation actions. In more
detail is the relationship model: geometry, kinematics,
dynamics, constitutive relation. They are illustrated in
Fig. 3.

Hand manipulation actions of hand is done based on
the information of the object attributes to give the grasp
types that fits each object. To determine the objects
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attributes such as labels, surfaces; the researches often
use trained models on the datasets of the objects. While
to determine the size and shape of objects often use
estimation algorithms in the 3-D space. In this paper, we
conduct a survey and analyze the relationship between
the three factors (hand grasp types, object attributes and
manipulation actions) that directly affect the process of
grasping an object as follows:

e Object attributes recognition: 2-D objects

recognition techniques are based on the according
to traditional approaches and recently approach
(Convolutional Neural Network -CNN);
Hand grasp types: Grasp taxonomies recognition;
Grasp types recognition; Deep learning techniques
to improve grasp recognition performance; Object
shape, estimate the description information of the
object.

e Manipulation
interactions;

actions
Deep

of hand: hand-object
learning architecture for

egocentric action recognition.

Figure 1. lllustration of number fingers on robotic arm [2].
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Figure 2. Grasp types of robot arms [3].
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Figure 3. lllustration the relationship of the process of grasping objects.
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Il. ANALYTICAL APPROACHES

The process of grasping objects of a robot hand or
human hand is the process of solving problems related to
relation-ship of hand grasp types, object attributes and
manipulation actions in the 3-D space. To see the mutual
relationship between the 3 above factors. We conduct
surveys on each of these factors and analyze their
influence on each other. In addition, to successfully grasp
an object, it is related to other weaknesses of the grasping
planning such as thumb placement and direction [4].

A. Object Attributes Recognition Approaches

Obiject attribute recognition techniques are often used
as an intermediate representation, such as object
recognition for many applications, such as object
recognition, facial verification, image retrieval and
tagging, in which object recognition contains object
detection. The object recognition process usually consists
of 2 steps: detecting objects and recognizing patterns [5].
The process contains many challenges [5]: Lighting
conditions are different at different times of the day; the
position of the object in the image is changed; the images
can be rotated in different directions; many objects in the
image are mirrored; many objects in the image are
obscured; object size changing in the image is changed.
In this paper, the authors also listed and analyzed a
number of methods to detect the object: Frame
differencing; Optical Flow; Temporal Differencing; Point
detectors; Background Subtraction. In particular, two
types of characteristics used primarily for object
recognition are: Edge-based features; Patch-based
features. And the applications of object recognition are
also presented. Farhadi et al. [6] propose a novel training
method about object recognition. The training model is
based on the description attributes of the object. For
example: To recognize the dogs, they are based on “fur”,
“number of legs”. This method can generalize new
objects. It’s not like the traditional training methods, use
all features to classify whether an object has an attribute,
therefore it leads to poor generalization for some
attributes across categories. These attributes can be
semantic attributes like parts, shapes, and materials. The
training process for object recognition is a combination of
training of the characteristics, such as color and texture
(HOG descriptors), visual words (HOG spatial pyramid,
using 8>8 blocks, a 4 pixel step size, and 2 scales per
octave), and edges (canny edge detector); Semantic
attributes (shape attributes, part attributes, Material
attributes); and Discriminative attributes (Naive Bayes
classifier). The highest object recognition result on the
PASCAL VOC 2008 dataset using all attributes and
trained on SVM is 59.4%. Lampert et al. [7] used
attribute-based methods to classify the objects. Object
detection problem of this method based on a human-
specified high-level description of the target objects that
does not use the training images. T he authors used six
types of characteristics, such as RGB color histograms,
SIFT [8], rgSIFT [9], PHOG [10], SURF [11] and local
self-similarity histograms [12] for training on the
PASCAL VOC dataset and testing on 10 test classes,
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such as chimpanzee, giant panda, hippopotamus,
humpback whale, leopard, pig, raccoon, rat, seal and used
the non-linear support vector machine (SVM)
classification for training. The result of multi-class
accuracy is 65.9%.

Obiject detection techniques have been researched and
developed for over 20 years [13]. Zou et al. [13] have
been reviewed more than 400 papers of object detection in
the light of its technical evolution, spanning over a
quarter-century’s time (from the 1990s to 2019). The
number of publications is listed in Fig. 4.
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Figure 4. Statistics of published studies on object detection from 20
years [13].
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Figure 5. Statistics of published studies on object detection from 20
years [13].

The topics have been covered some important
detection applications, such as pedestrian detection, face
detection, text detection, etc. In particular, object
detection techniques are presented from classical to
modern, the meaning from basic machine learning to deep
learning with convolutional neural network models, from
DPM-v1 [14], DPM-v5 [15], RCNN [16], SPPNet [17],
Fast RCNN [18], Faster RCNN [19], SSD [20], FPN [21],
Retina-Net [22], RefineDet [23], TridentNet [24]. This is
an excellent study, in which the accuracy of the studies is
also statistically calculated on large datasets, such as
VOCO07, VOC12 and MS-COCO datasets. The statistical
results are shown in Fig. 5.
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The datasets used to evaluate object detection over
time periods, are shown in Table Il and Table IIl of
research by Zou et al. [13]. In which, the face detection
datasets of a classical problem listed in Table Il of
research by Zou et al. [13]. And the datasets of scene text
detection, traffic light detection and traffic sign detection,
remote sensing target detection are shown in Table 1V,
Table V and Table VI of research by Zou et al. [13],
corresponding.

And the studies of object detection also presented in
the survey of Kiaee et al. [25]. Authors summarized
studies on object detection that can be realized based on
two methods: Feature-based method, Motion-based
method. The feature- based method is based on the shape
and appearance features to represent the objects. The
motion-based method is the background changes of the
images.

Another important application of object recognition
base on the object attributes is face verification, which is
used extensively in the security and surveillance. Kumar
et al. [26] proposed novel methods for face verification.
The first method used the “attribute” classifiers. The
author used binary classifiers trained to recognize base on
(e.g., gender, race, and age). The second method is
“simile” classifiers, this method used the regions of
faces to classify.

Both the attribute and simile classifiers are evaluated
on the LFW dataset [27], the error rates are 23.92% and
26.34%, respectively, and 31.68% when combined. Poh et
al. [28] reintroduced systems for facial recognition, based
on two approaches: holistic system, local system. They
presented in the Table Il of research by Huang et al. [27],
in which the author restates some steps of face
verification system, such as geometric and photometric
normalization,  feature  extraction,  classification.
Nowadays with the strong development of deep learning
techniques with the introduction of Convolutional Neural
Networks (CNNs), the facial recognition results are very
high. Schroff et al. [29] proposed the FaceNet that used a
deep convolutional network trained to directly optimize
the embedding itself. The author evaluated on the
Labeled Faces in the Wild (LFW) dataset [27], the
accuracy is 99.63% on a new record. On YouTube Faces
dataset, this method achieves 95.12%.

The image retrieval and tagging based on the object
attributes are an application of object recognition. Feris et
al. [30] proposed a novel approach for ranking and
retrieval of images based on multi-attribute queries. The
author used a video based surveillance system that
supports image retrieval based on attributes of Vaquero et
al. [31] and based on the attributes of queries. The
evaluation result on the Labeled Faces in the Wild (LFW)
[27], FaceTracer [32] and PASCAL VOC [33] datasets.
Detailed results on these three datasets are shown in the
5" figure, 7" figure and 8" figure of research by Vaquero
et al. [31]. Parikh et al. [34] propose to model relative
attributes. To learn relative properties, the authors
proposed an approach that learns a ranking function for
each attribute, given relative similarity constraints on
pairs of examples, and the approach evaluated on two
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dataset: the Outdoor Scenes dataset [35], a subset of the
Public Figure Face Database [26]. Zhang et al. [36]
proposed a Convolutional Neural Nets (CNN) model for
training the inferring human attributes (such as gender,
hair style, clothes style, expression, action) from images
of people under large variation of viewpoint, pose,
appearance, articulation and occlusion. The CNN model
combines part-based models and deep learning by
training pose-normalized CNNs, the detail of feature map
is built on the poselets [37] and DPM [38]. This CNN
model is evaluated on two datasets: The Berkeley Human
Attributes Dataset [37]; and Attributes 25K Dataset. The
average recognition results on two datasets are 78.98%,
70.74%, respectively.

B. Hand Grasp Types Recognition Approaches

When designing the robot arms to grasp the objects,
the grasp types of the hand should be predefined. A lot of
research has been done on this issue, which plays an
important role in the design of robot fingers and hands.
The definition of grasp types has been studied and
developed since 1989, Cutkosky [1] is classified 15
different grasp types. To build the set of grasp types, Feix
et al. [39] relied on the actions of robots in various fields,
such as developmental medicine, occupational therapy to
biomechanics and referred to the papers cited from 1 to
14 in this paper [39]. Before defining grasp types, the
author defines what it means to grasp an object: “A grasp
is every static hand posture with which an object can be
held securely with one hand.” [39]. The authors have
found 147 grasp examples when survey literature papers.
In 147 examples, the authors have detected only 45
different grasp types. When further classification based
on your grasp definition has revealed only 33 valid grasp
types, as shown in Fig. 6.
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Figure 6. Comprehensive grasp taxonomy which includes 33 grasp
types [39].

Feix et al. [40] analyzed and compared existing human
grasp taxonomies and synthesize them into a single new
taxonomy. From taxonomy classification of Feix et al.
[39], 33 different grasp types are found and arranged into
the GRASP taxonomy, grasps are arranged as follows:
opposition type; the virtual finger assignments; type in
terms of power, precision, or intermediate grasp; and the
position of the thumb. When the grasp types were
published in [39], there were many studies using this
classifier such as Bullock et al. [41], [42], therein the
detailed parameters of the attributes of the grasp types are
shown in Fig. 5 of Feix et al. [40]. The grasp taxonomies
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not only influence to the hand shape, but also the nature
of contact between the hand and object.

Liu et al. [43] proposed a dataset of grasp taxonomies,
it includes 40 grasp types which could not be well
captured by existing taxonomies, including actions of
pushing, grasping while pressing a button or lever, and
grasping with extension. The final dataset contains 50
different grasp types, 4 press types, 10 grasp and press
type, 2 extend types and 7 other hand types.

In order to recognize the objects and obtain descriptive
information from the object for the purpose of grasping
the object, the process of object recognition and
estimation of the object’s information should be
performed. Lei et al. [44] conducted an unknown object
recognition survey for object grasping, in which the

method to grasp the object is divided into two approaches:

global and local grasping approaches. Global grasping
approaches try to represent the full 3D model of the
unknown object to find suitable grasps, which can be
done by recreating the model with the use of multiple
views of the object, symmetries, decomposition into 3D
shapes or by closing the surface area of the retrieved data.
This approach often uses estimation algorithms such as
RANSAC [45]-[48], Hough Transform [49] to estimate
the surface model of an object from point cloud data of
the object. Local grasping approaches only work with
partial data of the object to find a suitable grasp, such as
[501], [51].

In the real world, recognizing the grasp types from
unconstrained scenes is challenging because of the large
variations in appearance, occlusions and geometric
distortions. Yang et al. [52] presented a convolutional
neural network to classify functional hand grasp types.
The CNN model is trained from seven classes of grasp
types like in [40], as shown in Fig. 7.
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Figure 7. The grasp types for training of the CNN model [52].
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Figure 8. The list of nine grasp types for evaluating grasp types
recognition [53].
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Specifically, Cai et al. [53] proposed on recognizing
hand grasp types by CNN model. The CNN model is
trained from nine grasp types that selected from [40], as
shown in Fig. 8.

C. Manipulation Actions of Hand Recognition
Approaches
Past researches on recognizing manipulation actions
focused on using first-person vision since it provides an
ideal viewing perspective for recording and analyzing
hand-object interactions, is as illustrated in Fig. 9.
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Figure 9. lllustration of egocentric sensor on body.

Fathi et al. [54] proposed a novel representation of
actions based on object-hand interactions. This method
addressed the problem of understanding daily activities
by using an egocentric sensor. Most day-to-day activities
consist of actions that involve manipulating objects like
pouring water into a cup, opening a peanut-butter jar, etc.
Interactions between objects and hands contain important
discriminative cues for action recognition. This suggests
representing actions by objects and their interactions with
hands. This is an important factor in identifying actions.
To identify actions, the authors conduct training based on
the following factors: hand-object interactions,
representations of activities, activity labels of hand and
object interactions, the action labels when modify
estimates of objects and hands. Fathi et al. [55] presented
a probabilistic generative model for simultaneously
recognizing daily actions and predicting gaze locations in
videos recorded from an egocentric camera. The training
models for action identification are trained on three
specific types for each pixel location in an image: Object-
based Features (spreading peanut-butter on the bread
using knife), Appearance Features (histogram of color
and texture in a circular area around each pixel), Future
Manipulation Features (the hand-eye coordinate system).
In both articles, Fathi et al. [54], [55] uses traditional
learning methods to train identity characteristics as SVM
classifier. Therefore the result of action identification is
low, less than 50% (the average accuracy of observed
gaze is 47%). There is also a lot of research on action
identifiers like handled objects recognition [56], hand-
object interactions recognition [57], “smiling” and
“waving hand” recognitions [58].

D. Relationship Analysis of Object Attributes and Grasp
Types

In order to perform the process of grasping the object,
it is necessary to resolve the relationship between the
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object attributes and the grasp types to get effective grasp
action. Feix et al. [59] investigated the relationship
between grasp types and object attributes in a large real-
world human grasping dataset. As shown in Fig. 10, it
shows the relation of grasp types and object attributes.

a '

Grasped Dimension: ¢
Roundness: none

Grasped Dimension: a/b
Roundness: ¢

Figure 10. lllustration of a hand posture to grasp two different types of

objects [59].
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Figure 11. lllustrate the relationship of grasp types, object attributes and
manipulation actions [53].

Specifically, Cai et al. [53] presented a very good
paper to analyze the relationship of grasp types, object
attributes and manipulation actions, as shown in Fig. 11.
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The goal of paper [53] is to solve the relationship of
grasp types, object attributes and manipulation actions
then understanding of natural hand-object manipulation
by developing computer vision based techniques. The
authors have solved the problem from detailed (grasp
types recognition, object attributes, manipulation actions
recognition) to generalized relationship problem of grasp
types, object attributes and manipulation actions, special
a Bayesian network modeling the relationship between
object attributes and grasp types [53] is shown in Fig. 12.

Therein, grasp type recognition method used
Histogram of Oriented Gradient (HoG) [60] and
Convolutional Neural Network (CNN) [52] for
classifying different grasp types from monocular images.
Object attribute recognition method used Linear SVM
[61] attribute classifiers to train the model based on
annotated object attributes and features extracted from
annotated object patches. From there we can see that the
relationship between the object attributes and the grasp
types is an interdependent relationship, when correctly
identified, the correct grasp types will be created and vice
versa. As shown in Fig. 13, the relationship of the object
attributes and the grasp types to hold the cup safely.

©
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Figure 12. lllustration of a Bayesian network modeling the relationship
between object attributes and grasp types [53].
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Figure 13. Semantic model for a safe grasping cup.
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Figure 14. Full model of the process of grasping the cuboid object of robot arm and the blind people. Assuming a robot or a blind people standing
near a cuboid object, only perform manipulation of the object. The system needs to perform several steps as follows: The system needs to object
localization in the environment and the position between the object and the hand (this step performs object attributes recognition such as detection,
recognition, cuboid object estimation); The system needs to determine the grasp types to hold the object (estimate the direction the object is held and
determine the grasp points); Based on the object’s information about the attributes and grasp type, the system needs to perform a grasp planning and
motion planning such as moving the hand to the object, performing a grasp action.

E. Motion Planning and Grasp Planning the Objects

In order to perform a safe grasp of objects, an motion
planning and grasp planning a detailed and accurate are
needed, Du et al. [3] implemented a detailed review of
the full range of issues by object localization, pose
estimation, grasp detection to motion planning. This is a
very good quality review, the authors listed, presented the
basic results and challenges in each field. Therein, object
localization presented two main methods: object
detection and segmentation method; Pose estimation
presented two main methods: RGB-based and RGBD-
based method; Grasp detection presented two main
methods: traditional methods and deep learning-based
methods; Motion planning presented three main methods:
analytical methods, imitating learning methods, and
reinforcement learning methods. Fig. 14 shows the full
model for grasping the cuboid object of robot arm and the
blind people.

Motion planning and grasp planning methods design
the path from the robot hand to the grasp points on the
target object. In particular, Du et al. [3] presented a lot of
dataset for each step in the process of building a grasp
system for robot arms or the blind people.

I11. CONCLUSION AND FUTURE WORK

A survey about the relationship between object
attributes and hand grasps is performed in this paper. In
particular, we focus on a detailed investigation
identification methods: object attributes recognition,
grasp type recognition and manipulation actions
recognition. In particular, we analyzed the influence
between grasp types and object attributes on the grasp
performance. When accurately identifying the properties
of the object, it is possible to accurately determine the
position and type of grasp. From that, we can build a

© 2021 J. Adv. Inf. Technol. 11

standard and accurate model for automatically grasping
objects of humans and robots.
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