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Abstract— We teach a real robot to grasp real fish, by training
a virtual robot exclusively in virtual reality. Our approach
implements robot imitation learning from a human supervisor
in virtual reality. A deep 3D convolutional neural network
computes grasps from a 3D occupancy grid obtained from depth
imaging at multiple viewpoints. In virtual reality, a human
supervisor can easily and intuitively demonstrate examples of
how to grasp an object, such as a fish. From a few dozen of these
demonstrations, we use domain randomization to generate a
large synthetic training data set consisting of 100 000 example
grasps of fish. Using this data set for training purposes, the
network is able to guide a real robot and gripper to grasp
real fish with good success rates. The newly proposed domain
randomization approach constitutes the first step in how to
efficiently perform robot imitation learning from a human
supervisor in virtual reality in a way that transfers well to
the real world.

I. INTRODUCTION

In robotics, robust grasping and manipulation of objects
is still a challenging task to automate, in particular for
biological, non-rigid and deformable objects such as fish.
Inspired by the ability of humans to perform such tasks,
we investigate how to efficiently transfer the knowledge of
a human to the robot, via a combination of 1) a virtual
reality (VR) interface for demonstrating the task, 2) domain
randomization over components of the task to generate a
large synthetic data set, and 3) deep learning on this large
data set. Our hypothesis is that through our approach, VR can
serve as an efficient medium for demonstrating complex tasks
to robots. A first step towards testing this hypothesis was pre-
sented in earlier work [16], where both training and testing
was done entirely in VR. In this paper we take another step,
testing this hypothesis, by demonstrating that a robot trained
entirely in virtual reality can grasp real fish. We describe
an approach where a human supervisor can easily teach a
robot how to grasp fish in a VR environment. Grasping
and picking fish from a box is an example of a challenging
grasping task involving a cluttered scene of multiple highly
deformable objects. In today’s fishing industry, many simple
and repetitive tasks are still performed by human workers
due to difficulties in automating handling of the fish. This
task is therefore ideal for demonstrating the capabilities of
our approach applied to relevant industrial problems.

An essential aspect of imitation learning, from a human
supervisor, is the system in which the human demonstrates
the task. This system should be intuitive and easy to use and
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additionally, the supervisor should not have to demonstrate
the task many times, which is often necessary when training
deep learning models. Therefore, we have developed a sys-
tem where the supervisor’s actions are not used directly to
train the robot, but rather used to generate large amounts of
synthetic training data through domain randomization over
relevant components of the grasping task. This enables us
to train a deep neural network (DNN) for grasp detection,
from scratch, using only a few dozen manually-demonstrated
example grasps.

Training of our system is done exclusively on synthetic
data, since this enables efficient development and testing of
our approach. Testing of the system is done on real data
and with a real robot and gripper. This succeeds in our
case, since domain randomization, over the possible poses
and dimensions of the virtual fish and the parameters of the
virtual 3D camera, ensures that a 3D CNN can perform well
on real data encountered during tests with real fish.

A. Related work

Robot grasping is an active ongoing research field. There
are several methodologies applicable to robot grasping based
on visual input, such as imitation learning and reinforcement
learning, based on real or synthetic data. Imitation learning
is a generic approach [1], [2], [3] in which a human or
algorithmic supervisor demonstrates a task, e.g. a grasping
action specified by a pose and gripper configuration, with a
corresponding state space consisting of visual information.
Based on a set of demonstrations, a learning algorithm, such
as support vector machines (SVM), regularized regression [4]
or artificial neural networks [5], [6], [7], [8], [9], [10], learns
to find or evaluate the mapping between the visual state and
the grasping action. In reinforcement learning (RL) there is
no supervisor to demonstrate how to perform the task, instead
there is a reinforcement signal provided to the learning
algorithm. Imitation learning has the advantage of efficiently
discovering state-action mappings that work reasonably, with
the disadvantage that this may require a large data set of
demonstration examples. Contrary to this, RL, e.g. using
artificial neural networks [11], has the disadvantages of
slow learning speed and difficulty of accurately defining
a suitable objective function for more complex tasks. The
advantages of RL algorithms are that they do not require a
human supervisor, and RL algorithms can potentially learn
to perform beyond the capabilities of a supervisor.

Synthetic data generation is a well-known and successful
approach to training deep learning systems [13], [14], prior to
applying them to real-world data. In particular, an approach



Fig. 1. A robot is tasked with picking fish from a box. The robot has a
RealSense 3D camera (A) and gripper (B) mounted on its end effector. The
task is to pick fish from a box (C) and place them in a second box (D).

called domain randomization has been shown to enable
robust training on synthetic data that directly works on real-
world data without additional training [15]. Domain random-
ization involves randomizing over the relevant components of
a task to generate synthetic data that has enough variation to
generalize to real data. A novelty of our approach for domain
randomization is that it begins with an intuitive virtual reality
interface where a human supervisor can easily provide a
low or moderate number of demonstration examples. These
examples are then used in a domain randomization process
over the camera viewpoints, projector-camera occlusion, the
physical interactions of the fish and the box, and the pre-
viously demonstrated grasps of the human supervisor. This
enables us to generate the large data sets required for deep
learning, while including the intent of the human supervisor.
In principle, this is similar to the algorithmic supervisor
approach presented in [17]. A few differences between our

work and [17] are: 1) in our work the grasps are placed
by a human supervisor in VR, instead of an algorithmic
supervisor; 2) in our work an end-to-end 3D CNN directly
computes 6-DOF grasps from the input 3D occupancy grid,
whereas [17] uses a GQ-CNN to evaluate multiple randomly-
sampled and pre-aligned parallel-jaw grasps on depth images
and select the grasp with the highest quality.

Our previous work [16] applied 3D convolutional neural
networks (3D CNN) to robot grasping. Previously, 3D CNNs
have been successfully applied to e.g. 3D shape recognition
[4], [12]. Our main motivation in working with volumetric
occupancy grid representations of point clouds, and 3D
CNNs to analyze them, is to develop the foundation for
deep learning in robotics applications that are camera- and
viewpoint-agnostic. Hence the 3D CNN can work in an
occupancy grid that is constructed by integrating 3D informa-
tion obtained from multiple depth images, multiple cameras
and/or multiple viewpoints. Multiple viewpoints and cameras
can provide a more complete coverage of a scene. A single-
view depth image will have occluded regions, and moving
the depth camera to one or more other locations will provide
a better view of the occluded regions. Fusing these two views
into a single occupancy grid will provide a more complete
view. The advantage of the 3D CNN approach is thus that can
be invariant or agnostic to the number of views or the number
of cameras that generate the 3D data, and it can work on the
complete view, as long as domain randomization is done
over the types of views that are possible. Compared to our
previous work [16], we have added domain randomization
over the projector-camera offset, as well as coded an entirely
new implementation of the 3D CNN in TensorFlow [18].

Our main contribution is to show that our approach to
robot imitation learning from a human supervisor in VR
transfers well to the real world, with a low or moderate
number of demonstrations by the human supervisor. This
validates our previous work [16], which was done entirely
in VR.

II. SYSTEM AND TASK DESCRIPTION

Our experiments are carried out on a 6-DOF Denso VS
087 robot arm mounted on a steel platform. An overview of
the system can be seen in Fig. 1. The task is for a robot to
pick up small fish of the species Atlantic herring (Clupea
harengus) out of a box and place them in a second box, so
that each fish can be weighed and processed individually. In
this paper we focus on the first part of this task - grasping
and picking the fish out of the box and placing them in
the second box. A custom two-finger wormdrive gripper was
designed, with compliant 3D-printed finger tips. The gripper
consists of a single stepper motor attached to a 3D-printed
hand. A wormscrew is mounted on the stepper motor axle
and this drives two wormwheels - one for each finger. With
the exception of the stepper motor, the entire gripper is 3D
printed. Fig. 1 shows a closeup of the gripper and how the
fingers are compliant enough to conform to the shape of
small fish. The gripper is controlled by an Arduino, and has
an adjustable gripper opening.
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Fig. 2. The presented approach to robot imitation learning in VR, where a) the human supervisor provides a few example grasps by grasping fish from
the box, b) domain randomization is used to generate a large synthetic data set based on the few example grasps, c) the deep neural network is trained on
the large data set, and d) the grasp output from the trained deep neural network is used to control a gripper to grasp real fish.

An Intel RealSense SR300 depth camera is placed on the
robot end-effector. The robot moves to three different poses
and the camera acquires three depth images that are projected
into an occupancy grid. The occupancy grid is processed by
a 3D CNN implemented in TensorFlow. The output of the 3D
CNN is a grasp certainty for each location in a downsampled
3D grid, and corresponding 6-DOF grasps defined by grasp
placement position and orientation vectors for each location
in that grid. A grasp is selected at the 3D location with the
highest grasp certainty. The robot is commanded to perform
this grasp, by placing the gripper, closing it and picking up
the fish.

III. ROBOT LEARNING

We use a deep 3D CNN to estimate grasps from an
occupancy grid. We propose the use of VR to generate large
amounts of synthetic training data in order to be able to train
a deep learning model with many parameters. An illustration
of our approach is shown in Fig. 2.

A. VR interface for demonstrating the task

A VR interface was created where a user - in this case
a human supervisor - can enter a virtual environment and
demonstrate the task for the robot as shown in Fig. 2a. The
user has a controller in his hand, which in VR appears to him
as a gripper, similar to the gripper mounted on the robot end
effector. The environment was created with the Unity game
engine and the VR-equipment used the HTC-Vive head-
mounted display and hand-held motion controllers.

Fish are instantiated in mid-air and dropped using sim-
ulated physics that model the deformation and friction
characteristics of the pelagic fish species herring (Clupea
harengus). The fish physics were modelled using joints and
colliders in the Unity game engine. Each fish consists of
seven 3-DOF spring-damper revolute joints connecting eight
rigid collider segments that approximate the fish shape. The
coefficients of the spring-damper joints were hand-tuned
until they visually matched the pose and dynamics of real
fish recorded in various static and dynamic deformation
scenarios. For rendering a realistic fish mesh, a neutral-
pose fish mesh was rigged and weight-painted using the
colliders. The purpose of weight painting is to smoothly

deform the continuous neutral-pose fish mesh using a discrete
set of colliders as its “’skeleton”. Friction coefficients of each
collider were hand-tuned to visually match the sliding motion
of real wet fish. This relatively simple physics modelling was
complex enough to provide visually realistic images, while
simple enough to render tens of fish at interactive rates (90
Hz).

Simulated fish physics ensures that the fish land in natural
poses in a fish box placed in front of the robot. The task
of the human supervisor is to grasp the fish and move the
fish from this box to another box, using the gripper in his
hand (see Fig. 2a). In this way, the user gets the impression
that he is showing the robot how to perform the task, in an
easy and intuitive way. Since the user is told to grasp the
fish in a way that enables him to pick it up and place it in
a second box, he will naturally use a grasp that is suited for
that task. If e.g. the task had been a different one, such as
placing the fish in a narrow hole, the user would probably
grasp the fish differently. Hence, this is an effective way of
getting the user to demonstrate grasps that are suitable for
a given task. For each fish grasped by the user, the grasp is
logged with regards to its position and orientation relative
to the fish. An example of these logged grasps can be seen
in Fig. 5. This is the demonstration part of our imitation
learning approach. In traditional imitation learning, a large
number of demonstration examples are required. The number
of required examples scales with the number of parameters
in the model that is being taught. Models with very many
parameters, such as large neural networks, may require on
the order of tens of thousands of demonstrations in order to
adequately learn the task without overfitting to the training
data. For a user this is clearly too much work, and an
alternative approach is needed to generate a sufficiently large
and realistic training data set.

B. Generating large amounts of synthetic data by domain
randomization

Based on the logged grasps, we propose to use domain
randomization that includes information on the human su-
pervisor’s grasp intent, as a method for generating a large
training data set from a few demonstrations, with no further
human supervision. As in the previous section, the fish are
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Fig. 3. Two examples (top row and botom row) illustrating the domain randomization approach for generating a large data set, by a) dropping a random
number of fish in the box, using realistic fish physics, b) placing each of the logged grasps onto each fish, ¢) pruning the grasps based on collision
heuristics.
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Fig. 4. The architecture of the 3D CNN consists of stacked convolutional layers, with striding (instead of max pooling) used to reduce the output

resolution. The dense layers are swapped for 1 X 1 X 1 convolutions to enable inputs of varying sizes. The activation functions for the feature extraction
layers are rectified linear units, and in the last layer, [ has a sigmoid activation function and the rest have linear activations.

instantiated and dropped into the fish box, as shown in Fig.
3a. By randomizing over the number of fish, and the position
and orientation of each fish before dropping them into the
box, this provides domain randomization over the possible
ways in which fish can realistically be positioned relative to
each other in a box.

Instead of the human supervisor demonstrating the grasp
for each randomly generated box of fish, we instantiate all of
the previously logged grasps onto each of the fish in the box,
as shown in Fig. 3b. However, not all of the grasps are valid
for all of the fish, given their current pose and position in
the box (i.e. closeness to the walls etc.). Therefore, for every
fish, all of the logged grasps are automatically checked using

collision heuristics to see if they collide with the environment
or with the other objects in the scene in any way. The ones
that do not are kept and the rest are discarded, resulting in a
set of plausible grasps as shown in Fig. 3c. This three-step
approach provides domain randomization over the possible
ways a human supervisor would probably grasp the fish,
based on what know from the previously logged grasps.

An orthographically projected depth image is rendered of
the entire fish box and the list of valid grip vectors are
recorded along with the depth image. The field of view and
resolution of the virtual 3D camera is such that each pixel
in the orthographically projected depth image can be read as
an xyz-coordinate in millimeters given in camera coordinates



