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Abstract— In this paper, we describe a framework for per-
forming an object picking task using visual servoing. As a
robotic manipulator approaches the object to be grasped, a
convolutional neural network (CNN) is used to generate motions
to utilize visual servoing. However, to obtain an appropriate
CNN, it is necessary to prepare a large amount of training
data. Therefore, we propose a method that utilizes a virtual
environment to reduce the load. Moreover, while performing the
actual object picking task, sensor data acquisition and motion
generation are performed using the virtual environment. This
renders approaching the object possible even when the texture
changes in the actual environment where the robot moves. An
object grasping experiment was conducted on a rectangular box
or a cylindrical object, and the performance of the proposed
framework was verified.

I. INTRODUCTION

In manufacturing setups, bin picking is one of the tasks
required of industrial robots. For instance, product assembly
and packaging work basically begins with picking up parts of
products. In such an object pick-up task, robot end effectors
are brought close to the target object from an appropriate
direction and then the object is grasped and lifted. To
accomplish this, camera parameters and the sequence of link
and joint combinations of manipulators are predefined, and
object pose estimation and motion planning are executed in
order.

Conversely, there is a method that helps to achieve object
grasping without such advance preparation. One of them is
learning-based visual servoing. In visual servoing, given an
image pair of an object target and current states, the velocity
command values to be given to each joint of the manipulator
can be obtained as an output. Thereafter, the manipulator
moves by the command. By repeating this, shifting the end
effector posture to the state just before grasping is possible.

The purpose of this study is to construct a visual servoing
system for a reaching motion to an object. The image
to be captured immediately before grasping is given to a
robot that mounts a camera on the wrist of a manipulator.
Thereafter, the manipulator is gradually moved to obtain
an image equivalent to the given image. In the traditional
visual servoing, the operation of manipulators is decided
by explicitly considering the image Jacobian. Conversely, in
the present study, we consider an approach to acquire the
manipulator movement by learning in advance. Therefore,
the pairs of the images taken before and after the action
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are collected in advance, and the weights of a convolutional
neural network (CNN) are learned using them. Using the
CNN obtained in this manner, the joint angular velocity
of the manipulator is calculated from the input image pair.
Because this approach creates a relationship between the
image pair and the manipulator motion through machine
learning, obtaining the camera parameters in advance is not
necessary.

One issue with this approach is that a large amount of
training data is required. Therefore, in this study, training
data is collected in a virtual environment. This reduces the
load on the actual experiment. Furthermore, this virtual en-
vironment is also used while the robot is actually performing
a reaching task. This method enables visual servoing that is
not affected by changes in the texture of a real environment.

The contributions of this study are as follows:
• We propose a learning-based visual servoing method to

reach for an object to be grasped.
• We propose a framework that executes both learning and

motion generation in a virtual environment and confirm
that visual servoing can be achieved while minimizing
the loads of the actual experiments.

• We reveal some ways to accelerate the learning of visual
servoing in a virtual environment. For example, we
confirm that drawing line segments to virtual objects
is effective.

The structure of this paper is as follows. Section II
introduces related work. Section III describes our approach.
Section IV describes the learning method of the visual
servoing using neural networks, and Section V introduces
our framework using virtual space. Section VI introduces our
verification experiments and, lastly, Section VII summarizes
this study.

II. RELATED WORK

Visual servo has long been studied in the field of robot
vision [1][2]. Chesi et al. [3] controlled a robot such that
the feature points were always kept in the camera image.
Their method comprises a switching between position-based
control strategies and backward motion. Iwatani et al. [4]
proposed a visual servoing method that is robust to occlusion,
which integrates the visual tracking method and visual servo
control into a vision-based control method with occlusion
handling. Castelli et al. [5] developed a visual servoing
system for the automation of the winding of copper wire.
Their framework introduced machine learning, and the visual
servoing was synthesized using the Gaussian mixture model.



Vakanski et al. [6] proposed a framework of trajectory learn-
ing from demonstrations. In their work, learning problem was
formulated as a convex optimization.

The problem of visual servoing can be divided into two
parts: (i) How to formulate the change of the image in rela-
tion to the motion of the camera and (ii) how to control the
motion of the camera based on the formulation. Of these, the
former generally uses image Jacobian. The image Jacobian
can be analytically obtained if the relationship between local
features between images can be clearly obtained. However,
this approach is difficult to use when the object has a poor
texture. Therefore, the method of automating what kind of
image feature is used is also being studied. One of the
methods uses neural networks. Bateux et al. [7] proposed a
method of inputting images directly into CNN and obtaining
command values. The present method can be classified to
this method.

As a recent trend, many studies have been conducted to
acquire a series of behavioral abilities of “observe-and-grasp”
using reinforcement learning. Levine et al. [8] proposed a
method to obtain probability that an action will succeed from
the pair of images and the predicted gripping action of the
robot. In the study of reinforcement learning in robotics, a
technique called Domain Randomization has been adopted
under the keyword of Sim-to-real [9]. In the present study,
virtual space is used, and we try to improve the robustness
of the background texture by using it during the learning and
motion execution.

III. APPROACH

A. Target task

We assume that there is a robot equipped with a manip-
ulator, a table is in front of it, and an object to be grasped
is placed on the table. We also assume that the initial pose
(i.e., position and orientation) of the object can change. The
shape of the object is arbitrary; however, there are always
problems in grasping tasks even if the shape is close to being
rectangular or cylindrical. The purpose is to pick up this
object with the robotic end effector.

B. Approaches and prerequisites for accomplishing the task

An RGB-D sensor is installed in a position, for instance
the ceiling or the head of the robot, where the sensor can
directly face the table top. The depth information obtained
is used to estimate the approximate shape, position, and
orientation of an object to be grasped, which is placed on
the table. Moreover, a camera is mounted on the wrist of
the manipulator. The camera should be in the direction in
which the tip of the end effector exists. The camera is used
to monitor the appearance of the object until grasping.

Before executing a task to pick up an object, we prepare
a color image captured immediately before grasping using
the camera on the wrist of the manipulator. This is called
the target image. Visual servoing proceeds by comparing
the target image with a color image, which is currently and
repeatedly captured from the wrist camera. That is, each joint
of the manipulator is moved by the visual servoing so as to

Fig. 1. The flow of visual servo

reproduce this target image. Thereafter, if the target image
and a current image become sufficiently similar, the robot
can grasp the object simply by closing the end effector.

In this method, the shape model of the object to be grasped
does not have to be known in advance. Furthermore, if the
learning-based approach described in Section IV is applied,
the internal and external parameters of the wrist camera are
permitted to be unknown. The same can be said about the
link structure of the manipulator. Meanwhile, throughout the
collection of the training data and the performance of the
actual pick-up task, it is necessary not to replace the camera,
manipulator, and installation position of the camera.

IV. THE LEARNING APPROACH OF VISUAL SERVOING

A. Visual servoing

Let θcurrent be the joint angle in the current posture of the
manipulator, and let I(θcurrent) be the current image taken
from the wrist camera in the current posture. Moreover, let
θgoal be the joint angle of the manipulator when the end
effector is in a posture just before grasping an object. That
is, the target image taken by the wrist camera in that posture
is I(θgoal).

To move the end effector to the target posture, determine
the manipulator’s movement so that the image captured by
the wrist camera is the same as I(θgoal). Because this is a
highly non-linear problem, it is difficult to accurately obtain
the manipulator’s motion in a single calculation. Therefore,
visual servoing compares I(θcurrent) and I(θgoal) and then
generates the minute motion of the manipulator as an angular
velocity θ̇. Thus,

θ̇ = −λf(I(θcurrent, θgoal)), (1)

where λ is the visual servoing gain. f is a function that
calculates the manipulator’s motion from the difference
between the current image and target image. In traditional
visual servo, after extracting multiple local features from the
current image, the features are corresponded to local features
extracted from the target image and then the velocity vectors
are calculated. The result is the motion information obtained
from the image. From this, the image Jacobian is calculated
and finally the momentum of the manipulator is obtained
by Eq. (1). By repeating this process, a desired camera
viewpoint is accomplished. Figure 1 is a block diagram that
shows the process described above.



B. The structure of CNN

The function f in Eq. (1) is replaced by a neural network.
However, if we replace the process using local features as
described in the previous subsection, the processing struc-
ture will become complicated. Therefore, without explicitly
treating the local features of the images, an approach can be
taken to obtain the motion information between images as
a dense optical flow. This not only simplifies the structure
but also has the effect of enabling the extraction of motion
information even if the object does not have a distinguishable
texture.

A similar idea has been proposed by Tokuda et al. [10],
where they achieved the task of aligning the direction of the
grasped parts with respect to the stationary camera. Although
the configuration of this task is different from ours, the
learning mechanism of visual servoing can be applied to our
task. Tokuda et al. introduced FlowNet [11], which is a neural
network model for estimating dense optical flow. FlowNet
outputs an optical flow when two images are supplied. In
our study, the input images are RGB image with a resolution
of 512×312 pixels and the output is a multidimensional
vector in which the joint angular velocities of the manipulator
are arranged. The two input images are downsized through
the convolutional and Max Pooling layers and then passed
through full connection layers and finally converted into six
values, which is the number of manipulator joints. Linear
function is used as the activation function of the output layer,
and ReLU is used for the others.

V. USE OF VIRTUAL WORKSPACE

A. Learning of visual servoing and executing a reaching task

Virtual space is used for both the learning of visual
servoing and motion generation for the reaching task. This
virtual space includes the mimicked models of the robot,
a table, and a target object as described in Section III.
Furthermore, cameras can be installed to capture virtual
images in the space.

The method to execute the visual servoing is as follows.
First, we explain preparation work. In the virtual space, a
wrist camera is moved in the direction of the object to be
grasped, and the amount of movement of the manipulator
and the captured images before and after the movement are
collected. Using the results as training data, the relationship
between the movement of the manipulator and the change in
the appearance of the object is learned. This learning method
is already explained in the previous section.

Next, we explain the procedure for accomplishing the
object pick-up task. First, in real space, the shape and current
pose of the object to be grasped are estimated using a sensor
that can ignore the table. Thereafter, the shape and pose are
reproduced in the virtual space. Moreover, the posture of an
actual robot and the virtual robot are made the same. Then,
the visual servoing is performed in the virtual space. That
is, the image captured by the virtual camera and the target
image captured in the virtual space are inputted to the CNN,
and the motion amount ∆θ of the manipulator is obtained.

Fig. 2. Overview of the proposed method. The third and fourth blocks are
repeated, but when targeting a stationary environment, there is no feedback
from the real environment to the virtual environment.

Both the virtual and actual manipulators are moved based
on θ̇ obtained. This cycle is repeated until the end effector
in the real space is sufficiently closed to the target object.
Figure 2 illustrates the above overview.

There are two main advantages of this method. The first
is that training data can be collected in a virtual space.
Consequently, the load on the actual experiment can be
greatly reduced. The second advantage is that the images
taken in the virtual space are used, and they are not affected
by the texture in the real space. Therefore, even if the texture
of a background such as a table changes significantly in real
space, visual servoing can be executed without relearning. In
this method, the initial pose of the object must be estimated
by bird-view sensors in the real space, but only the images
captured by the virtual camera is used in the subsequent
motion generation. In other words, attaching a camera to the
wrist of a real robot is not necessary. This feature is valid as
long as the pose estimation of the first object is sufficiently
reliable.

B. Adding textures to virtual objects

The proposed method collects training data in a virtual
space. One of the advantages of this approach is that the
surface texture of virtual objects can be freely set inde-
pendently of the real texture. In other words, improve the
learning accuracy by pasting a texture on the virtual object
is possible, thereby the learning of visual servo can proceed
appropriately.

In the visual servoing, a camera approaches the target
posture by translating and rotating its posture. Therefore, the
surface texture of an object should be one that can detect
appropriate changes in appearance with respect to multi-
directional movements. The result of our preliminary exam-
ination indicated that writing line segments on the object is
appropriate. In other words, the position and inclination of
the object can be clearly visualized by the line segments,
which have the effect of reducing the final posture error.
(Refer to Fig. 4 for the actual textured examples.)



However, fine textures such as random patterns did not
seem to be effective for the learning of visual servoing.
Moreover, when lighting is used in a virtual space, the body
of the robot casts a shadow on the object; however, this does
not have any significant effect on the learning results.

VI. EXPERIMENTS

A. Settings

A rectangular or a cylindrical object was placed on a table
as the object to be grasped. The purpose of the task was for
the robot to be able to pick the object up from the table.
HIRO made by Kawada Robotics Inc. was used. HIRO is
a humanoid robot with two 6-DOF manipulators, one axis
for the waist and two axes for the neck. In the present
experiment, only one arm was used. An RGB-D sensor (i.e.,
KINECT made by Microsoft) was attached to the head.

First, the shape and posture of the object was estimated
by the RGB-D data. This detail is explained in the next
subsection. Thereafter, the resulted shape was placed in the
virtual environment with the estimated posture. After that,
both the image capturing from the wrist camera and the
motion generation of the robot were performed in the virtual
environment. In other words, the real robot did not have a
wrist camera and simply reproduced the generated motion.
After the motion by the visual servo was completed, the
object grasping was completed by closing the end effector
of the actual robot.

The open source robot simulator Gazebo [14] was used
to make the virtual environment. A virtual camera in the
simulator was setup to provide VGA-sized color images (i.e.,
640 × 480 pixels). The images were supplied to the CNN
after being resized to 512 × 312 pixels. Note that due to the
characteristics of the visual servoing, camera parameters and
the mounting position of the virtual camera are not defined
in the motion generation program.

B. Fitting geometric shapes to objects

For estimating the shape and the posture of the objects,
3D point cloud obtained by measuring the table with the
RGB-D sensor was used. The procedure is as follows. First,
a horizontal plane was detected from the point cloud, and the
plane was regarded as the table top. Next, the points that are
regarded as belonging to the table top were excluded from the
original point cloud. Thereafter, a clustering algorithm based
on the Euclidean distance was applied, and the cluster with
most points was regarded as the point group derived from
the target object. The Point Cloud Library[12] was used for
this procedure.

Next, shape fitting was performed on the obtained point
cloud. In the case of the rectangular shape, four variables,
namely length l, width w, height hr, and orientation θ on the
horizontal plane were estimated. In the case of the cylindrical
shape, two variables, namely radius r and height hc were
estimated.

The calculation method of each parameter is explained
below. First, principle component analysis (PCA) is applied

Fig. 3. Examples of object detection result

to the point cloud. Thereafter, scores of first and second main
components are calculated by the following equation:

S∗ = ax+ by + cz, (2)

where q = (a, b, c) is a principle component vector, and
(x, y, z) is coordinate of each point. Using the maximum
and minimum values of the score, following parameters for
the approximated shape can be calculated.
Rectangular shape

l = S1max − S1min,
w = S2max − S2min.

(3)

Cylinder shape

r =
(S1max − S1min) + (S2max − S2min)

2
. (4)

S1max and S1min are maximum and minimum values of the
first principle component, respectively. S2max and S2min

are for the second principle components. In the rectangular
shape, the orientation θ is also calculated as follows:

θ = arccos
q · y
|q||y|

. (5)

The height of the object is calculated as the distance from the
table top plane to the topmost point of the object. Figure 3
shows the detection results for the rectangular and cylindrical
shapes, respectively.

Finally, the approximated object appears in the virtual
space. The center position of the object is the expected value
obtained by the PCA mentioned above.

C. Learning of visual servoing

The training data comprises two images captured from
the wrist camera at the virtual environment and also the
difference in the joint angles of the manipulator when each
image is captured. The weights of the CNN were learned
using the former as input and the latter as output data.

The training data was collected under the following two
range settings.

Range 1



Fig. 4. Upper six panels show the images captured with wide-and-coarse
condition, and bottom six panels are of narrow-and-fine condition.

• The center position of the end effector is 150 mm higher
than the center of the target object.

• Position setting range: +/- 100 mm in each of x, y, and
z directions.

• Orientation settings: +/- 5 deg around roll and pitch
axes, +/- 30 deg around yaw axis.

Range 2
• The center position of the end effector is 80 mm higher

than the center of the object.
• Position setting range: +/- 50mm for x and y directions,

+/- 30mm for z direction.
• Orientation settings: +/- 5deg around roll and pitch axes,

+/- 10deg around yaw axis.
The reason for setting the above two types of range is that

the quality of motion required for visual servoing changes
as the reaching action progresses. By setting Range 1, if the
current image is significantly different from the target image,
it is possible to learn the movement to improve the difference
by bold viewpoint movement. Moreover, by adding the data
collected in Range 2, the final positioning accuracy can be
improved after the current image becomes close to the target
image.

A part of the data collected in the virtual environment is
shown in Fig. 4. Five thousand training data were collected in
each range, and the CNN was trained using a total of 10000
data. The least-squares error was used as the loss function
during learning, and Adam[13] was used as the optimization
method. The number of epochs was 300.

The performance of the trained CNN was examined using
the test data. The test data was collected by randomly
moving the end effector at Range 1 as the same when
the learning data was created. After that, two images were
supplied to the CNN, joint angle difference was obtained,
and the manipulator was moved by the difference in the
values. Table I is the least-squares error of the end effector
posture moved by the output angle difference. These values

TABLE I
POSE ERROR ON TEN TRIALS OF THE REACHING TASK

Average Standard Deviation
x [mm] 1.66 1.53
y [mm] 2.29 1.78
z [mm] 3.06 2.54
ϕ [deg] 0.63 0.68
θ [deg] 1.80 2.34
ψ [deg] 8.63 4.56

Fig. 5. Other shape examples.

Fig. 6. Example of grasping experiment on a rectangular object.

show the average of the results of 10 experiments. The
position error was approximately 2.5 mm, and the angle error
was approximately 5 deg. These results show that sufficient
accuracy that did not hinder the grasping of the target object.
The error tended to be large around the yaw axis direction
(i.e., the direction of the vertical axis of the image plane),
probably because of the change in the appearance of the
object due to the small change around this axis.

D. Simulation of visual servo for different objects

Simulations were performed to examine the versatility
of the CNN. Using the CNN trained by the dataset for
a rectangular box as explained in the previous subsection,
we investigated whether the visual servoing works for other
shape primitives, e.g., a cube and a cylinder as shown in Fig.
5. As for the surface texture, the same black line segments
were drawn as in the case of the rectangular box.

In the viewpoint of pose accuracy, results were almost the
same as that of the rectangular box. For example, in the case
of the cube shape, the pose error was (x, y, z, ϕ, θ, ψ) = (1.55
mm, 2.21 mm, 0.90 mm, 1.99 deg, 0.58 deg, 4.12 deg).



Fig. 7. Movement of each joint of manipulator during visual servoing

Fig. 8. Experiment with an unknown background texture

E. Picking up an actual object

An experiment to grasp an object on a table was conducted
using the actual robot. There were two target objects: an
aluminum frame sized 30 mm × 30 mm × 120 mm and
a gear with 50-mm radius and 25-mm height. One of them
was placed at arbitrary positions as long as the object could
be observed from the initial posture of the wrist camera. The
visual servoing gain in Eq. (1) was set to 0.7, and the loop
shown in Fig. 1 was repeated 500 times before grasping.

Figure 6 shows the result of the pick up of a rectangular
object. The movement of each joint angle in this experiment
is shown in Fig. 7. Although swinging occurred, the end
effector could be moved to a pose with sufficient accuracy
for grasping the object. Even in the case of the gear, the
same degree of reaching motion was possible and grasping
was achieved.

Figure 8 is an example of a grasping task when an un-
known texture was placed in the background. In the proposed

method, after the posture of the target object was reproduced
on the simulator, the movement of the robot was determined
using the data in the simulator. Therefore, even if the real-
world texture changed in any ways, it was possible to still
pick the object up without being affected by the change.

VII. CONCLUSIONS

In this paper, we proposed a method for doing an object
picking task by visual servoing. In the proposed method,
the appropriate movement of a manipulator is obtained by
training a CNN. The problem with this approach is that
a large amount of training data is required. Therefore, we
have established a framework for collecting data in a virtual
space. This reduced the load on the actual experimental
setup. Moreover, using the virtual space even while the robot
was actually performing a reaching task, we made it possible
to proceed the visual servoing without being affected by the
changes in the texture of the surrounding environment. We
conducted some experiments to show the effectiveness of the
proposed method.

Future tasks include to generate a reaching motion with a
sub-optimal trajectory and to improve the accuracy of final
posture of the camera. We also consider adding a function
to avoid obstacles.
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