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ABSTRACT

Current state-of-the-art object detectors are based on supervised deep learning approaches. These methods require a
large amount of annotated training data, which hinders a wider use of these methods in industry. We propose a method
for generating synthetic training data for the task of detecting which objects in a pile can be picked up by a robot arm.
The method requires few input images, which are used to create annotated images of piles. After training a state-of-the-
art detector on the synthetic data, we test it on real images. The results show that the model trained in such a way is not a
rival to the best object detectors trained on large datasets of real images, but it is good for the specific task of detecting
pickable objects in the piles. The main advantage of the proposed training approach is that the existing models can be
easily re-trained to work with piles of different objects by personnel who do not specialize in machine learning.
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1. INTRODUCTION

According to statistics gathered by the International Federation of Robotics [1], the sales of industrial robots have
increased for the fourth year in a row. The organization also estimates that 1.7 million new industrial robots will be
installed in factories around the world between 2017 and 2020. Majority of these robots will be used to automatize
processes where motions of the robot can be preprogrammed to manipulate objects with known position and orientation.
However, there are many tasks in the industry where the information about object positions and orientation cannot be
predefined.

Current developments in machine vision could automate such ill-defined tasks as picking up objects from a pile. The
first step in such a task is to detect which of the objects are unobstructed by other objects and so can be picked up by the
robot. In machine vision, the detection algorithms often produce a list of objects present in the input image along with
bounding boxes that indicate the position and scale of these objects.

Classical machine vision algorithms, such as edge detection and blob analysis, can be used to pick up separate
objects on a uniform background, as was done in [2]. However, objects in a pile are occluding each other, casting
shadows, and creating difficult backgrounds. When the pile consists of similar or identical objects, it is hard to
distinguish between the background and the pickable objects. Although this task has been studied for a long time [3], [4],
it still remains a challenge to use existing approaches in the actual industry.

Some approaches try to detect shapes in a pile and compare them with known shapes or models of the objects [5].
Along with cameras, some additional hardware is tried to get more robust shapes. For example, [5] and [6] use a depth
sensor Microsoft Kinect, while [7] uses a multi-flash camera for depth edge detection. Article [8] suggests adding a step
of interaction between the robot and objects (grasp attempts, perturbation pushes), which helps to separate the object
from the pile. Alternatively, as shown in [9], the use of machine learning allows training vision systems that do not use
or build models of the objects but instead learn to directly identify points where a robot arm should grasp.

Furthermore, for several years, the object detection competitions such as ImageNet [10] and Microsoft COCO [11]
are won by the supervised deep learning-based approaches, which motivates us to apply these methods in the industry
robot vision. The state-of-the-art detection methods are usually based on deep convolutional neural networks (CNN).
Examples include SSD (Single Shot MultiBox Detector) [12], several variations of R-CNN (Regions with CNN features)
[13], [14], [15] and YOLO (You Only Look Once) [16], [17]. These are supervised machine learning approaches, so to
train a model that works with new kinds of objects, one needs to have a large dataset of annotated images containing
these objects. Manual annotation of such images means that a human has to determine and annotate the coordinates of at
least two points of a bounding box for every object in the image (four numbers per object). It is time-consuming and



repetitive labor, which impedes the implementation and use of modern CNN-based computer vision in a real industry
environment.

This paper presents an approach that greatly accelerates the acquisition of labeled data by synthesizing a large dataset
from a small number of object's photos. This approach is customized for the complex task of detecting which object can
be picked up from a pile by a robot arm.

2. RELATED WORK

2.1 Generation by rendering

One of the solutions for data generation is the use of computer-generated imagery, which is getting more and more
lifelike. In a self-made 3D CAD scene, all objects are known and precisely defined. One can freely change the camera
position, location and pose of the objects, and then render a realistic synthetic image while simultaneously acquiring the
corresponding instance level annotations. Therefore, papers such as [18], [19] try to train object detection models on
images rendered from 3D CAD scenes and then use the trained models on real images.

This approach also becomes more available to non-specialists. The tools to create realistic and even physics-based
scenes are becoming cheaper or even free (e.g., 3D game engines Unreal Engine and Unity or even commercial
computer games [20]). In addition, more and more open datasets of virtual 3D scenes, objects, and synthetic images are
becoming available, for example, SUNCG [21] - room and furniture layouts, Virtual KITTI [22] - street videos viewed
from a virtual car, ShapeNet [23] - extensively annotated 3D models, A Large Dataset of Object Scans [24].

The combination of physics-based virtual 3D environments and reinforcement learning is a prospective solution for
the end-to-end training of robot arms. In this setup, a virtual arm uses visual information and makes many attempts at
picking objects. Successful tries are rewarded. Article [25] presents some promising initial results of transferring the
virtual learning to the manipulation of a real robot arm. However, the scope of the current paper deals only with the
vision part of the robot arm-based pick-up system and tries to make the retraining of the object detector as human-skill
independent as possible. With such considerations, the current virtual modeling of a whole scene is not considered to be
easy to use in the production industry by personnel unrelated to computer science.

2.2 Generation by rendering + composing

To reduce the manual modeling when generating data from 3D scenes, instead of creating objects and their
surroundings, one can model only the object and then insert the rendered image of the object into an image of a real
scene. Article [26], which uses some human annotation before inserting the model, shows that the result can be so
realistic as to fool a human. Thus, it is reasonable to try to develop fully automatic methods for realistic insertion of
synthetic objects into real backgrounds.

A method in [27] automatically inserts existing 3D models as well as their modifications into real background images
to augment training data for a viewpoint estimation system. In [28], this approach is used to model and analyze the
capabilities of CNNs to learn texture, color, background, 3D pose, and 3D shape invariant object features. A similar
approach can also be used with two-dimensional objects. For example, in [29] the annotated data for a text localization
task is generated by automatically placing differently sized and stylized texts on different background images.

Generating realistically looking images from 3D or 2D models of new objects in new environments still requires
specific human skills in modeling and rendering. Authors of [30] propose an algorithm that estimates rendering
parameters automatically from a small set of real images. The drawback is that the required set of real images has to
consist of image pairs, where one image includes the object and the background, and the other has the same background
without the object. The 3D model of the object is rendered and inserted into the empty background image, which then is
compared to the image with the real object at the same location. Different rendering parameters are tried in order to
optimize the similarity of real and rendered images.

Another possible solution is explored in [31] where images created from a simple 3D model are augmented with
realistic blur, lighting, background, and image detail learned by a Generative Adversarial Network (GAN). The proposed
RenderGAN learns in an unsupervised fashion. It consists of generator and discriminator networks. The generator learns
such augmentation functions for blur, lighting, etc. that would fool a discriminator, which compares the generated
examples with real unlabeled images. The proposed approach is very promising; however, currently, the training of



GANs in new domains is hard because of their unstable training behavior [32]. This behavior limits the current
applicability of GANs in the industry since training can't be completely automated and requires specific expertise.

2.3 Generation by composing

Recent literature also explores a simpler approach for generating realistic synthetic data without using models of the
objects. In these methods (for example [33], [34], [35]), training images are composed of photos of real objects and real
backgrounds. Approaches such as [34] include acquiring a limited number of object's images, cutting out the object,
modifying the object, and pasting it into the many new background images. The method in [34] augments the data by
randomly changing the viewpoint of the object (2D and 3D rotation of the cropped object images before the composition
step). In addition, sometimes the objects are truncated by putting them at the boundaries of the image, and sometimes
objects are occluded by placing them in the image, so they partially overlap. Augmentation also includes placing
distractor objects in the scene. An important step is the blending of the objects to the scene because a simple pasting
creates an unrealistic boundary between the object and the background. Detection model can latch on to this boundary,
so authors propose blending techniques that smoothe the boundary.

A similar approach in [35] adds analysis of background images to place the objects in the scene more realistically.
The method determines any support surfaces in the scene, where the objects of interest are likely to be placed. Additional
analysis of the background depth at the location of the object determines realistic scales of the object.

Some manual work to train systems in [34] and [35] consists of finding the appropriate background images - those
images do not have to be labeled, but some environments might still require the acquisition of new images before
detection models can be trained. In addition, both methods perform best when they are used as data augmentation
methods - a large amount of synthetic data is mixed with a smaller dataset of real labeled data. The method proposed in
the current paper tries to avoid the labeling of real data completely.

3. PROPOSED METHOD

Based on the review of the related literature, we propose that the composition approach is well suited for the task of
picking objects from piles. Furthermore, for the most efficient and labeling-free training of the detection models, we
develop a method that needs only a few named real images as input. It also does not need the dataset of background
images because the background is composed of the piled objects. The main steps of the proposed image generation
process are shown in Fig.1.

Generator

Manual acquisition Extracting object's Combining the Composing the Augmenting
of images of an sides frominput sides to build a pile image using the synthetic
object images virtual object the virtual objects image

Figure 1. Steps of generating training data

The first step of the method is the only manual part. A human needs to acquire several photos of the object from
different sides. The background must be uniform. Resulting images should be named according to the visible side of the
object (front, top, left side etc.), and real-life sizes of each side must be given. For example, a metallic can needs at least
four images to fully simulate its possible look in a pile. Example images are shown in Fig.2.a. If applicable, the human
also needs to specify which sides of the object are suitable for picking up by a robot. For example, if the robot uses a
suction cup, then grooves on some sides of the can in Fig.2.a might make these sides unfit for picking.



Figure 2. Input images of the generator and the composed object

The generator resizes the input images to 400x400 pixels and automatically cuts out the objects. To do this, the
algorithm blurs the resized image with Gaussian filter and applies automatic Canny edge detector. Canny detector uses
two thresholds that are found by the following equations:

Ty = max(0, (1 — o) - median(I)) (1
Ty = max(255, (1 + o) - median(I)) 2

Where I is the input image (a 2D matrix) and sigma is an empirically chosen value of 0.13. In the resulting edge
image, the generator determines all existing contours. The contour with the biggest area is used to create a binary mask
image where this contour is filled with positive pixels. The filled contour is further processed by morphological dilation
and erosion. The final mask of the contour is used to cut out the object from the input image.

Each extracted side of the object is scaled according to the sizes given by the user. For example, if the name of the
image includes the word "Front", then the provided LENGTH and WIDTH parameters are used for the scaling of the cut-
out image of this side. In this way, the requirements of the initial image acquisition are relaxed since the different sides
of the object can be photographed from different distances and even with different cameras.

The next stage of the generator has different modes depending on the shape of the object. When in a pile, for some
objects, such as the box-like cans, several sides can be visible simultaneously. Whereas in the case of flat objects, the
detector can simultaneously see only one of the object's faces at a time. So, the extracted side images of flat objects can
be directly used by the composing module of the generator. Some other shapes, such as long cylinders can also be
simulated similarly to flat objects.

In the case of box-shaped objects, when generating an instance of a virtual object, one of the sides marked as fit for
picking is chosen as the main side. The adjacent sides that can be visible alongside the main side are translated and
skewed so that when put into the image of the main side, they create an image of a single virtual object (Fig.2.b). In the
example, the top side of the metallic can is chosen as the main side. The sides with grooves are never chosen. In the case
of flat objects, the only visible side is also the main side.

The last module of the generator copies and places the created virtual objects onto the same image at a random
position and with random rotation creating a synthetic pile (Fig.3). The main side of each object has a corresponding
bounding box. Then all bounding boxes beginning with the oldest are compared with the later added boxes. If they
overlap, then the bounding box that was placed first is deleted. The result of this comparison is that only bounding boxes
of the unobstructed objects remain in the image (Fig.3.b). The coordinates of bounding boxes (i.e. annotations) are saved
alongside the synthetic image of a pile.

The final step of the generator augments the created image with random changes in brightness and contrast.



Figure 3. Examples of a generated synthetic pile images and annotation bounding boxes

After generating thousands of labeled images, one can use them to train deep detection models, that learn to return a
bounding box of pickable objects. Such a detector can acquire the center point of the object, and give this coordinate to
the robot arm. However, a 2D coordinate is not enough for a robot to pick an object in a 3D environment. For a fully
functioning system, we propose to use some distance or depth sensor, for example, Microsoft Kinect. When an object is
localized, the depth must be measured at the picking coordinate, so the arm knows how deep it must go to pick the
object. Alternatively, a touch sensor (accelerometer or similar) can be placed on the arm, where it would measure when
the arm reaches and touches some object at the given coordinate.

4. TESTS

The data generator was implemented in Python language and used OpenCV library. For a detector, we used pretrained
YOLO model. Its implementation and training code in TensorFlow can be found at [36]. We trained three models with
three different synthetic datasets. First set consisted of generated piles of metallic cans, second — piles of plastic bottles,
third - mixed piles with cans and bottles. For each of these tasks, we generated 6000 training and 1000 validation images
and trained the model for 25 epochs.

In order to test how well the synthetic learning transfers onto real data, we created three test sets each consisting of
500 images (examples are shown in Fig.4.a). These sets had to be labeled manually, so we created an annotation GUI
shown in Fig.4.b. The GUI shows an unlabeled image of the pile to the user. The user has to use a cursor to pick two
corner points of the bounding boxes of all objects that can be picked by a robot arm. For faster labeling, while the user
picks the location of the top-left corner of the bounding box, the cursor is shaped as a corner. After the user has marked
the top-left corner, the GUI draws a possible bounding box from that point to the current cursor location, so the user
interactively sees the final bounding box before clicking to approve it.

Table 1 shows the test results. In the considered picking task, the robot has to receive the coordinates of a single object
to carry out the picking task. However, the object detector is able to find several objects in the frame. Each of the
detected objects has a confidence score; therefore, we send the robot the coordinates of the object with the greatest
confidence. If this single object corresponds to one of the manually drawn bounding boxes, then the robot will work
correctly with such an input. The bounding boxes are considered to be corresponding if the distance between their corner
points is less than 10 pixels. The final accuracy score shows what part of the real test images as an input would result in
the robot receiving coordinates corresponding to actually pickable object (last column of the table).



labeling

Figure 4. Real images from test data and a proposed labeling GUI

Number of Number of Number of Number of valid first Accuracy at
Objects manually labeled detected correctly detected choice picks of an ickin t}‘; sk
objects objects objects unobstructed object P g
Cans 5474 2632 1125 429 85.8%
Bottles 6285 5967 680 356 712 %
Mix 9250 7419 2637 494 98.8 %

Table 1. Test results with different object piles

5. CONCLUSIONS

Unsurprisingly, the test results show that one does not achieve state-of-the-art results in object detection by training
deep models on synthetic data only. In our tests, many of the manually labeled objects are not detected, and not all
returned bounding boxes correspond to actually pickable objects. However, the proposed training approach was
developed for a specific task of picking one object per image. The results for this task are promising although dependent
on the object of interest.

The proposed system works with simply shaped objects, and such objects are commonly processed in the industry.
The examined box-shaped, flat, and cylindrical cases might be combined and augmented to approximate more complex
objects - this assumption will be tested in the future work.

Meanwhile, we have shown a practically usable way to deal with the data labeling problem for training deep detection
models. This might be an especially valuable result for those factories that often change the objects that their robot arms
need to manipulate. The alternative of not using deep models seems less promising since the pile scenario is hard for the
classical machine vision approaches. Objects that make up the piles may be almost identical, so the partial detection of
the pickable objects using some feature point-based detection is not sufficient to determine which objects are actually
fully unobstructed. Model-based detection approaches might be suitable for such task; however, our proposed method
seems to offer an easier process of readjusting robots to work with new objects.
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