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Abstract - Detecting and grasping objects in unstructured
with the analytical method, the empirical methodology is more
environments is an important yet difficult task. Fortunately, the
practical. The empirical method generally includes two steps:
breakthroughs from deep convolutional networks stimulate the
sample grasp candidates, rank the grasp candidates according
development of object detection and grasping. The survey aims to
to a specific metric, and its performance can be improved by
serve as a comparison for region-based and region-free detection
CNNs. CNN-based empirical methods have demonstrated
framework based on deep learning, and supplies the latest
good potential in object grasping.
research results of object grasping with deep learning. Firstly, we
This paper is organized as follows. Section II presents the
briefly analyze the object detection and grasping. Then, the
typical object detection methods based on deep learning.
representative object detection methods based on deep learning
Object grasping methods based on CNNs is given in Section
are overviewed. Thirdly, we introduce the application of
convolutional neural networks in object grasping. Finally, the
III. Several potential trends are discussed in Section IV and
potential trends in object detection and grasping based on deep
Section V concludes this paper.
learning are discussed.

II. DEEP LEARNING FOR OBJECT DETECTION

Index Terms - Visual perception and representation, deep
learning, object detection, object grasping.

The prevalent object detection approaches based on deep
learning can be divided into two categories: proposal-based
and proposal-free methods. The former relies on partial
information of an image to generate a series of candidate
regions, whereas the latter utilizes the global information of an
image and thus object detection is regarded as a regression
problem.

I. INTRODUCTION
For a service robot in unstructured environments including
offices, households and commercial buildings, the ability to
detect and grasp objects is essential, which is a prerequisite to
provide better services. Although a great number of
researchers have put many efforts on these problems, object
detection still remains unsolved due to the challenges such as
illumination changing, similarity in different kinds of objects,
difference in the same class of objects, background clutter and
occlusion, etc. Besides, for object grasping, it is tough to find a
suitable grasp pose among the infinite set of candidates.
Traditional object detection approaches mainly focus on
hand-crafted features. Zhang et al. [1] divided hand-crafted
features into three groups: interest point [2], intensive
extraction [3], and features fusion [4]. Generally speaking,
manual features could be time-consuming, and typically
required abundant professional techniques. Compared with
hand-crafted features, object detection based on deep learning
has made tremendous achievements where hierarchical and
bottom-up expression of features are extracted in a supervised
or unsupervised way. Among the prevalent deep learning
models, CNN is believed to learn the most distinguished
features of an image intuitively [5], which receives much
attention. On the basis of object detection, the following step is
to grasp objects. Analytic methodology is commonly used, and
it selects the contact locations on the object and considers
kinematic and dynamic formulations of the hand to satisfy task
requirements [6]. However, this method with the assumption
of simplified contact model limits its applications. Compared
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A. Proposal-based Methodology
Proposal-based methods includes three procedures:
generate candidate regions, extract corresponding features and
classify candidate regions according to extracted features.
Then operations such as non-maximum suppression [7] and
bounding-box regression [8] are used for a more accurate
result.
R-CNN proposed by Girshick et al. [9] combines CNNs
with region proposal, which achieved a mAP of 53.3% on
VOC 2012. The selective search [10] and AlexNet model are
employed to generate candidate regions and extract features,
respectively. Meanwhile, SVM classifier is utilized to judge
whether there exists an object according to the extracted
features. Furthermore, supervised pre-training on a large
auxiliary dataset is exploited to deal with the insufficient
training data problem, which provides an effective paradigm
for learning high-capacity CNNs. First, it has a longer
response time that cannot satisfy real-time requirements.
Second, the input image is warped/cropped to a fixed size,
which may loss partial details of an image. Third, it fails to
deal with occlusion objects. These three drawbacks limit the
applications of R-CNN.
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To solve the second drawback of R-CNN, He et al.
proposed SPP-net [11]. A spatial pyramid pooling strategy
based on the improved Bag-of-Words [12] is proposed, which
endows the net with the ability to receive an image with
arbitrary size. As a result, the processing time is 24-102 times
faster than R-CNN method. In the SPP-net, the parameters of
the fully-connected layer and the convolutional layer cannot be
updated simultaneously, which affects the performance of
object detection; also, the alternate updating of these two
layers requires extra storage for features cache.
Aiming at the first drawback of R-CNN, Girshick [13]
designed a Fast Region-based Convolutional Network
approach (Fast R-CNN), which improves the speed and
accuracy of object detection. Fast R-CNN optimizes an
objective function to train the whole network in a pipeline. For
training VGG networks, the Fast R-CNN is nine times faster
than R-CNN and three times faster than SPP-net. However,
there is still a bottleneck of Fast R-CNN where region
proposals in testing process spend amount of time. In order to
solve this problem, Ren et al. [14] developed a faster
methodology called Faster R-CNN, which introduces a region
proposal network (RPN) instead of selective search to generate
candidate regions and predict object bounds and scores
simultaneously. Thus, the whole convolutional network is
trained end-to-end with a higher detection accuracy and faster
processing speed.
The previous region-based detectors such as Fast/Faster
R-CNN exist repeated calculation. Dai et al. [15] presented
region-based fully convolutional networks (R-FCN) to solve
this problem. The position-sensitive score maps are given to
balance the translation-invariance in image classification and
translation-variance in object localization where almost all
computation share on the entire image. R-FCN performs an
intensive computation before RoI warping and produces a
large score maps, which decreases the processing speed. An
improvement is from the [16] where a two-stage detector lighthead RCNN is presented. It uses a thin feature map and a
cheap R-CNN subnet to lead to a light head of network. With
the ResNet-101, this network outperforms Faster R-CNN/RFCN object detectors on MS COCO in terms of accuracy and
processing speed.
It is not easy for an object detector to handle occlusions
and deformations, which leads to fewer features. Wang et al.
[17] proposed A-Fast-RCNN, which adds hard samples to Fast
R-CNN with a combination of generative learning. They
believe that it is helpful to introduce object instances for
solving occlusions and deformations. Therefore, an adversarial
network is utilized to generate examples with occlusions and
deformations, and they are added to original datasets.
Experimental results indicate a 2.3% mAP boost on VOC07
and a 2.6% mAP boost on VOC12 object detection challenge
compared to the Fast R-CNN.
Feature pyramids that create a feature pyramid with
strong semantics at all scales are very useful for detecting
objects. Lin et al. [18] presented Feature Pyramid Networks
(FPN), which naturally leverages the pyramidal shape of a

ConvNet’s feature hierarchy. FPN mainly refers to the idea of
FCN [19] to enlarge the outputs of coarse features and finetunes features with corresponding-size convolutional feature
maps, which achieves a better result.
Bell et al. [20] proposed the Inside-Outside Net (ION)
that exploits information on both inside and outside the region
of interest. Inside information captures details by pooling from
multiple lower-level convolutional layers into a ConvNet,
whereas outside information refers to contextual information
with horizontal and vertical recurrent neural networks (RNNs).
The use of at least two RNN layers ensures the propagation of
the information across the entire image.
A problem of the deep convnets detectors is the poor
result at small-size object detection, mainly due to the
coarseness of extracted feature maps. Kong et al. [21]
presented a deep hierarchical network HyperNet. HyperNet
depends on an elaborately designed Hyper features that
incorporate deep, intermediate and shallow features of images.
The advantages of shallow features with high-resolution to
regress the bounding boxes and deep features with high recall
are effectively combined. HyperNet with multi-level CNN
features is suitable for small-size objects, achieving 76.3% and
71.4% mAP on PASCAL VOC 2007 and 2012, with a higher
performance than Fast R-CNN by 6 and 3 points
correspondingly.
B. Proposal-free Approaches
Different from the utilization of image partial information
of proposal-based object detectors, proposal-free object
detectors mainly uses global information of an image where
they regard object detection as a regression instead of a
classification task.
Redmon et al. presented a single-stage detection method
YOLO [22], which leverages global image information with a
single neural network to predict bounding boxes and
corresponding category probabilities. The processing speed is
fast with 45 frames per second. This algorithm divides the
input image into several grids, and for each grid, it can only
predict one category, which means that YOLO is not suitable
for the case with two or more objects in one grid. It shall be
noted that YOLO sacrifices accuracy in exchange for the
improvement of processing speed. In order to achieve a better
trade-off between speed and accuracy, Redmon et al. [23]
presented an improved model YOLOv2 by introducing the
strategies including batch normalization, high resolution
classifier, convolution with anchor boxes, dimension clusters,
etc. Besides, a joint training algorithm is adopted to allow
users to train detection model on both detection and
classification datasets. This approach has been verified on a
dataset with over 9000-class objects.
Liu et al. [24] proposed an SSD method for the pursuit of
a higher accuracy. Different from YOLO, SSD discretizes the
output space of bounding boxes into a set of default boxes
over different aspect ratios and scales on each feature map.
The use of multi-scale convolutional bounding boxes at the top
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feature map makes SSD512 achieve 76.9% mAP on
VOC2007.
On the basis of SSD framework, Fu et al. [25] proposed
DSSD with a combination of residual-101 network and largescale context in object detection. This approach can improve
the detection accuracy especially for small objects. A series of
deconvolution layers are added after the original SSD and
these deconvolution layers are also beneficial for increasing
the resolution of feature maps. DSSD achieved 81.5% mAP on
VOC2007, 80.0% mAP on VOC2012, and 33.2% mAP on
COCO. Shen et al. [26] proposed a detection algorithm
DSOD, which inherits the advantages of speed and accuracy of
SSD. Compared with SSD, DSOD produces smaller and more
flexible models. Different from the training with first pretraining on big datasets and then fine-tuning on a special
domain, DSOD trains object detectors from scratch by
designing a set of principles including deep supervision, stem
block, and dense prediction structure. DSOD300 with dense
prediction structure achieves 77.7% mAP on VOC07+12.
After adding COCO as training data, the performance is
further improved to 81.7%.
Kong et al. presented RON [27], which mainly focuses on
two fundamental problems: multi-scale object localization and
negative samples mining. In terms of multi-scale object
localization, the authors employ reverse connection to enhance
the context of low level feature map and improve the
performance of small-size object detection.

3D mesh models of objects can be generated using
physical simulators, such as OpenRAVE simulator [37],
Dynamic Animation and Robotics Toolkit (DART) [38], and
GraspIt [39]. The grasping poses are judged by metrics [40]
such as classic metric, ratio, physics-metric, physics-ratio, and
positive samples and negative samples are produced.
A second way to generate the experience datasets is by
means of human demonstration [41]. To add a good grasp
configuration to the dataset, human is required to move the
robotic hand to a favourable grasp location, and then, this
configuration is recorded and stored as a positive sample.
The way of trial and error derives from reinforcement
learning. Pinto argued that there are two drawbacks of humanlabelled datasets for grasping training [42]: exhaustive
labelling due to the fact that each object may be grasped in
tremendous ways, and semantic bias from human. Thus the
robot should grasp the objects repeatedly by itself to generate
positive or negative samples based on certain evaluation
criteria, for example in [43], when an object is raised by 20cm,
the corresponding grasping pose is regarded as a positive
sample. Usually, the dataset by trial and error is not big, which
leads to overfitting of training a CNN. Generating a large
dataset requires much time. For example, Pinto et al. [42]
obtain a dataset size of 50K data points with over 700 hours
robot grasping attempts.
B. The Grasping Representation
Recently, some researches transfer object grasping to
grasping detection where deep CNNs are used to learn a
grasping representation. There are two categories of the
representation of grasping detection: grasping rectangles [43]
and grasping points [44].
Figs. 1(a) and (b) show two examples of grasping
rectangles [43]. A 2D rectangle can be represented by a fivedimensional representation: the upper-left corner ( rG , cG ), the
length mG , the width nG and its angle from the x-axis, G .
For some objects such as the red lid shown in Fig. 1(b), there
can be multiple possible grasping rectangles. Fig. 1(c) gives an
example of grasping points. Four parameters are used to
represent the configuration of a pinch grasp, which includes a
red point (xm, ym) that is the middle point of the two pre-grasp
points denoted by the blue dots, the distance d between these
two pre-grasp points, and the rotate angle .

C. Public datasets
The commonly used public datasets of object detection
include MNIST [28], ImageNet (ILSVRC) [29], PASCAL
VOC, SUN [30], MS COCO [31], KITTI [32]. The
information of category, the number of images and image size
of these datasets is shown in TABLE I.
TABLE I
Dataset

Category

The number of images

MNIST
ImageNet1000
ImageNet

10

60000

1000

1.2 million

100,000

14 million

VOC2007

20

9963

SUN2012

8

16873

MS COCO

91

328000

KITTI

6

14999

III. DEEP LEARNING FOR OBJECT GASPING
A. The Generation of Grasping Datasets
There are several generation ways of grasping datasets:
3D mesh models, learning from humans, and trial and error.
Some open source grasping datasets have been provided [3336].

(a)
(b)
(c)
Fig. 1. Grasping representation. (a)-(b) cited from [43], (c) cited from [44].

C. The Grasping Detection Approaches
Lenz et al. [45] firstly applied deep learning to the
problem of robotic grasping represented by rectangles. A two-
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stage cascaded grasping detection system is designed. The first
network has fewer features can effectively remove invalid
candidate grasps with a faster speed, whereas the second
network extracts more features with a slower but more
accurate detection. In addition, a multimodal feature learning
algorithm is given. This approach has been tested on both a
Baxter and PR2 robot with a success rate of 84% and 89%,
respectively. However, this two-stage cascaded form cannot
satisfy the real-time requirement.
Redmon et al. [46] presented a real-time grasp detection
approach using CNNs. Instead of using sliding window or
region proposal techniques, this network performs single-stage
regression. AlexNet architecture is adopted and the output
layer has six output neurons including the aforementioned
five-dimensional representation and an extra gripper
orientation. By using global information of the image to form
its grasp prediction, a more accurate result is achieved. The
network achieves 88% accuracy on Cornell grasp detection
dataset [38] and runs with 13 frames per second. However, the
constraint that every image only contains a single graspable
object limits its application.
Based on a dataset by trial and error, Pinto et al. [42]
reformed the regression problem to an 18-way binary
classification by discretizing angular space into 0°, 10°,…,
170°. A multi-stage learning approach is proposed where a
CNN trained in the first stage is used to collect hard negatives
in subsequent stages.
Johns et al. [47] introduced a method that can predict a
score for every possible grasp pose by means of a grasp
function. By smoothing the grasp function, the algorithm is
more robust to pose uncertainty. To enable sufficient training
data without requiring exhaustive real-world experiments,
physics simulation and depth image simulation with 3D object
meshes are combined.
Levine et al. [48] introduced continuous visual servoing
for object grasping task, and a CNN is used to predict the
successful grasping probability from the gripper motion only
by monocular images. The hand-eye coordination is learnt by
observing the spatial relationship between the gripper and
objects. This network is trained by over 800,000 grasp
attempts using 6-14 robotic manipulators with different
configurations.
Besides 2D grasping detection, 3D grasping detection
receives attention. A commonly used solution to estimate an
object’s 6D pose is by matching 3D models to 3D point clouds
based on the algorithms such as ICP (iterative closest point)
[49]. Usually the depth sensor is adopted to get the point cloud
of the target. Zeng et al. [50] proposed a multi-view selfsupervised deep learning method for 6D pose estimation. The
algorithm first takes advantage of a deep neural network to
segment the target by inputting multi-view images and then fits
a 3D model to a segmented point cloud to recover the object’s
6D pose, which is successfully demonstrated in the 2016
Amazon Picking Challenge. Wong et al. [51] proposed a
SegICP algorithm where a 27-layer fully convolutional neural
network SegNet is applied to semantically segment objects of

interest. This algorithm integrates object recognition and pose
estimation together, which achieves 1 cm position error and
<5 angle error in real time.
IV. DISCUSSION
Large datasets is a crucial factor to train deep learning
models whose large number of parameters are required to be
optimized. The scale of existing human-labelled datasets is
still small. Most of object detection and grasping methods
depends on supervised learning, and the performance of these
methods is limited by the size of the datasets. In practice, there
are a large number of unlabelled data that contain a lot of
useful information. If we can take advantage of these data, the
object detection algorithm can achieve a good result in
practical applications. In our opinion, a trend is to use semisupervised learning and unsupervised learning in object
detection and grasping methods. Furthermore, training a deep
learning model costs a long time, which requires new
optimization and training algorithms. Introducing parallel
computing to train very large networks with larger training
data is a tendency.
Some researchers transfer object grasping problem to
grasping detection, and take advantage of deep CNNs to
learning one or more graspable locations with rectangle
representation or point representation. However, neither
rectangle representation nor point representation is lack of
strong semantic information, which causes that the trained
deep CNNs is less stable in some cases. We believe that object
segmentation is helpful to acquire the stable grasping poses.
Currently, the application of deep learning in object
grasping mainly uses visual information to decide the
graspable location. Actually, there are some uncertainties
during grasping execution. If more sensors such as tactile
sensor are involved, a more robust solution is expected.
Existed deep learning for object grasping system mostly
depend on a global vision. However, there is a drawback
where the global vision is sometimes occluded when the
robotic hand is between the camera and the target. A
preferable recommendation is using eye-in-hand system to
solve occlusion issue.
V. CONCLUSION
In this survey, we reviewed the researches on deep
learning for object detection and grasping. The object
detection approaches based on deep learning including
proposal-based and proposal-free methodologies are presented,
so do the CNN-based object grasping methods. We believe
that the applications of semi-supervised learning, unsupervised
learning, object segmentation, multi-sensor fusion and eye-inhand system are beneficial for improving the performance of
object detection and grasping.
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