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Abstract— The real-time pick and place of 3D industrial
parts randomly filed in a part-bin plays an important role for
manufacturing automation. Approaches based solely on the
conventional engineering discipline have been shown limitations
in terms of handling multiple parts of arbitrary 3D geometries
in real-time. In this paper, we present a machine learning
approach to the real-time bin picking of randomly filed 3D
industrial parts based on deep learning with/without
hybridizing conventional engineering approaches. The
proposed hybrid approach, first, makes use of deep learning-
based object detectors configured in a cascaded form to detect
parts in a bin and extract features of the parts detected. Then,
the part features and their positions are fed to the engineering
approach to the estimation of their 3D poses in a bin. On the
other hand, the proposed sole deep learning approach is based
on, first, extracting the partial 3D point cloud of the object from
its 2D image with the background removed and then
transforming the extracted partial 3D point cloud to its full 3D
point cloud representation. Or, it may be based on directly
transforming the object 2D image with its background removed
to the 3D point cloud representation. The experimental results
demonstrate that the proposed approaches are able to perform
a real-time multiple part bin picking operation for multiple 3D
parts of arbitrary geometries with a high precision.

Keywords— Bin Picking, 3D Objects/Parts, Deep Learning
Network, 3D Pose Estimation

1. INTRODUCTION

Vision guided automated bin picking, especially, for a pick
and place operation of industrial parts arbitrary stacked in a
bin, plays an important role for flexible manufacturing in
industry 4.0. In spite of the progress in this area to date,
currently, vision guided automated bin picking is limited to
the numberas wellas the 3D geometry of parts it can handle.
In this paper, we present a hybrid approach of deep leaming
and engineering as a means of breaking through the cument
limitations of industrial bin picking toward enablingthe real-
time pick and place of multiple 3D parts of arbitrary
geometries.

Conventional approaches to vision guided automated bin
pickinghas been taking advantage ofthe progress in computer
vision technologies, notably, the technologies related to
feature extraction and matching as well as pose estimation.
However, conventional computer vision technologies are
shown notonly inefficient but also ineffective in dealing with
3D in terms of object detection, segmentation and pose
estimation. Li et al.[1] proposed 3D object recognition and
pose estimation for random bin-picking using the partition
viewpoint feature histograms that can be applicable to 3D
point cloud data. The authors pre-sampled point cloud by
using a voxel grid filter, based on which 3D objects were
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segmented based on the distance between point clouds. As the
post processing, ICP isused to refine object poses. Mitash et
al[2] presented robust 6D object pose estimation with
stochastic congruent sets to improve the precision of object
semantics segmentation. As mentioned, this conventional
computer vision approach to dealing with 3D is rather time
consuming and lacking generality. Recent advancement of
deep learning approach to computer vision enables a dramatic
improvement of many difficulties conventional computer
vision approaches have encountered, including object
detection, segmentation, feature extraction, etc. Furthemmore,
the application of deep learning to computer vision is
expanding rapidly from 2D to 3D[4-15], as seen by the
development of PointNet[4] as well as 3D semantic and
instance segmentation. Lee et al.[3] presented 3D pose
estimation of bin picking object using deep learning and 3D
matching, where they used the deep learning based object
detector, YOLO V2, for detecting and recognizing objects,
while estimating their poses by ICP.

The proposedapproach, first, makes use of deep-leaming
basedobjectdetectors configured in a cascaded form for both
detectingparts in a binand extracting features associated with
the individual parts detected. The concatenation of the part
labelandthe feature labels and their positions associated with
the part allows the subsequent part net to have its part
recognitionrate closeto 100%, Furthermore, the part features
and their positions areto be fed directly into the estimation of
the 3D pose of the corresponding part in a bin as well as its
degree of occlusion. The experimental results demonstrate
that the proposed approach is able to perform a realtime
multiple part bin picking operation for multiple 3D parts of
arbitrary geometries with a high precision.

II. OVERVIEW OF THE PROPOSED APPROACH

The proposed automated bin picking system consists of the
following major components, as illustrated by Fig. 1: 3D
camera providing the 2D image and 3D point cloud of'the bin,
the Cascaded Object Detector formed by a serial connection
of object/part detector net and object/part feature detector net
both based on YOLO v3, Part Net that corrects errors in
object/part labeling by the object detector netby incorporating
the part features detected by object/part feature detector net,
Geometric Feature Extractor that extracts the geometric
features of object/part by applying simple 2D feature
extraction to the detected part features, Object to CAD
matching that matches the detected part features with the pre-
defined CAD model features to estimate object pose, and ICP
to refine the object pose precisely.
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Fig. 1. Hybrid Deep Learning Network Based Automated Bin-Picking
System

III. CASCADED PART AND PART FEATURE DETECTION
NETWORK

Weuse YOLO v3 to first detect objects/partsfiled in a bin
and then, for individual objects/parts, we apply YOLO v3
again to extract the part features associated with individual
objects/parts, asillustrated by Fig. 2 and 3.
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Fig.2. YOLO v3 Based Object/Part Detector Net and the result of
Object/Part Detected
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Fig. 3. YOLO v3 Based Object/Part Feature Detector Net and the result of
Object/Part Features Detected

IV. FEATURE MATCHING AND 3D POSE ESTIMATION

A. Conventional Engineering Vision Approach

The part features extracted from the cascaded object/part
and partfeature detectors are conveniently used to extract the
point andline features involved in individual part features that
can be assigned with 3D data by incorporating 3D point cloud
data from 3D camera. The extracted part features are to be
used for 3D pose estimation of the objects/parts in the later
process. RefertoFig. 4 forthe extracted part features.
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Fig.4. (a) and (b): Point and Line Feature Extraction Based on the
Object/Part Features Detected by Object/Part Feature Detector Net

B. Part Matchingwith CAD Model
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Fig. 5. Point and Line Feature Extraction Based on the Object/Part Features
Detected by Object/Part Feature Detector Net

Fig. 6. Matching between the extracted part features and the pre-defined
CAD features for pose estimation

Based ontheextracted part features, we can a pproximated
estimate the object pose by matching them with the pre-
defined CAD features, as illustrated by Figs. 5 and 6.

C. Deep Learning Approach

Instead oftheengineering vision approach for object pose
estimation described above, we can use deep learning
approach to pose estimation. To this end, we developed deep
learning based image processing and transformation methods:
background removal and Partial-to-Full Point Cloud
transformation as wellas 2D-to-3D transformation. As shown
in Fig. 7, the deep learning based object pose estimation we
proposemay be based on, first, extracting the partial 3D point
cloud of the object from its 2D image with the background
removedand then transforming the extracted partial 3D point
cloud to its full 3D point cloud representation. Or, it may be
based on directly transforming the object 2D image with its
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background removed to the 3D point cloud representation as
shown by a separate branch marked in green color in Fig. 7.
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Fig. 7. Recognition and pose estimation of 3D industrial parts solely based
on the deep learing approach to partial-to-full 3D point cloud
transformation or to 2D-to-3D transformation(green).

C-1. Background Removal of Object/Part Images

The removal of unwanted background is useful for
applying deep learning network to extract 3D pose of
object/part from 2D images. The CM-GAN[16] of Fig. 8 can
be directly used for such background removal by masking the
backgrounds from the respective images with unwanted
backgrounds. To demonstrate this, we applied the proposed
approach to the removal of unwanted backgrounds from the
images of industrial parts that are detected from an industrial
robotic bin-picking environment, as shown in Fig. 8. For the
details of training CM-GAN, referto [16].
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The structure of Decoder is exactly the reverse order of that of Encoder.
TLSAN: [1500, 1000, 1000, 2000]
Fig. 8. CM-GAN for Background Removal. An Image with Unwanted
Background is input to G2 and the corresponding Image without

Background is output from G2 through LSAN.

Fig. 9 (b) illustrates typical instances of the part images
collected as training and testing samples with unwanted
backgrounds. This resultsin the partdataset consisting of 450
trainingand 30 testing samples with unwanted backgrounds.

(a) ()
Fig. 9. Parts detected and segmented from a bin by YOLO v3 for Bin-
Picking Operation. (a) A Bin-Picking Image with Parts detected from
YOLO v3. (b) Part Database collected from the Output of YOLO v3.

Testing Image without Unwanted Background

L 1)

Generated Image with Removal of Unw. B.

Fig. 10. The Result of Background Removal Experiment. The third row
shows the images generated by CM-GAN after the removal of
unwanted backgrounds.

. Testing Image with Unwanted Background
Bl
nd

The first and second rowsofFig. 10 illustrate, respectively,

the ima ges with and withoutback groundsused for the ground
truth testing samples. The third row of Fig. 10 shows the
output images after the removal of unwanted backgrounds by
CM-GAN. They demonstrate the quality and efficiency in the
performance of background removal offered by CM-GAN,
which may lead to various applications to vision-based robotic
tasks forindustry.

C-2. Deep Partial-to-Full 3D Point Cloud Transformation

With the background removed bounding box images of
objects/partsavailable from the abovestep, we canobtain the
corresponding partial 3D point cloud representation of parts.
This is done by collecting the 3D points corresponding only to
those pixels of the part image that do not belong to the
removed background, as illustrated by Fig. 11. Note that the
3D point cloud thus obtained represents a partial 3D point
cloud representation seen from a particular camera view point.
Examples of thepartial 3D point cloud representation of paits
obtained from their bounding box images are illustrated in Fig,

11.
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Fig. 11. The pama] 3D point cloud representatlon of individual parts
detected from the bin. (a) The unwanted background is removed out
from the detected bounding box image of a part. (b) The 3D point cloud
of the detected part is extracted from the 3D point cloud of the bin by
collecting those 3D points that corresponds only to the foreground
pixels of its bounding box image with the unwanted background
removed.
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Fig. 12.Latent space association for partial-to-full 3D point cloud
transformation.
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As the next step, we introduce the dual associative point
AEs, which is CM-GAN without discriminators, as shown in
Fig. 12, where the two point AEs, Gl and G2, take,
respectively, partialand full 3D pointcloud representations of
parts as theirinputs. The dual associative point AEs is to leam
the transformation from the partial to the full 3D point cloud
representations of parts through LSAN, similar to the CM-
GAN for image completion and masking. The LSAN is to
transform the global features learned by the encoder of partial
3D representations to those by the full 3D representations as
the input to the decoder of full 3D representations. Note that
we chose the Bias-Induced Point AE [17] for the
implementation of dualassociative point AEs. However, any
of the point AEs currently available, including the orignal
Point Net [4] and Folding Net [5], would equally serve the
purpose. In Fig 12, instead of attaching a classification
network to G1 and G2 to learnthe part class, we used the part
class information obtained from the CM-GAN for background
removal and concatenated it to the inputs of the Gl and G2
decodersas wellas of LSAN.

Partial 3D Point Cloud Representation of Input Testing Samples

Full 3D Point Cloud Representation of Ground Truth Samples
Corresponding to Testing Samples

Full 3D Point Cloud Representation of Testing Samples
Generated from Testing Samples

Fig. 13. Full 3D point cloud representation of industrial parts generated by
dual associative point AEs based partial-to-full transformation.

TABLE I . AVERAGE CHAMFER DISTANCE(CD) ERROR OF FULL 3D
POINT CLOUD REPRESENTATION OF RECONSTRUCTED BY DUAL
ASSOCIATIVE POINT AES BASED PARTIAL-TO-FULL TRANSFORMATION.

Average Chamfer Distance (CD)
Error

Partial-to-Full Transformation

by Dual Associative Point AEs 0.0098
(m’)

Fig. 13 illustrates the partial to full 3D point cloud
transformation based on the dual associative point AE of Fig
12. The partial 3D point cloud representation of industrial
parts, as shown in the first row of Fig. 13, is shown to
successfully generate the corresponding full 3D point cloud
representationat the third row of Fig. 13, wherethe partial 3D
point cloud representation is obtained by applying the
background removed part images to the 3D point cloud
representation of a bin picking scene. Table I shows the
quantitativeevaluation of the accuracy involved in the partial
to full 3D point cloud transformation based on the dual
associative point AEs. The accuracy is measured by the
average Chamfer distance between the reconstructed and the
ground truth point cloud, where 40,000 training and 16,000
testingdata, collected at various positions and orientations of
the industrial partsin the bin, are used for evaluation. The full
point cloud representation of parts reconstructed from the
partial point clouds are then input to a separate classification
network to obtain their position and orientation with reference
to the camera frame. The classifier is configured with an
encoder having the same structure as thatused in the dual
associative point AEs plus a fully-connected network on top

of'the latent space of the encoder. The output ofthe classifier
consists of 23 classes, Roll 5, Pitch 5 and Yaw 13, for
orientation and 25 classes, X 10, Y 10 and Z 5, for position.
Note that thenumber of classes aredetermined in such a way
as to compromise the precision with the complexity in
representationand training. As such, we consider the possible
range of the position and orientation variations in the bin to
come up with the class layout. In particular, the range of
position is defined in terms ofthe possible discrepancy of the
center of partial point clouds to the ground truth. This comes
up with the 15(Roll and Pitch) and 30(Yaw) degree
separations for orientationand the 0.78(X),0.79(Y)and 1.1(Z)
cm separations for position. Table II shows the accuracy of
estimating the pose ofindustrial parts in the bin based on the
average MSE for the 16,000 testing data. Refer to the left-most
figure in the table for the definition of the coordinate system
used in the experiment. Fig. 14 illustrate the 3D positionand
orientation of the parts in the bin, using their CAD models,
thatare obtained by the CM-GAN based 3D pose estimation
process described above.
TABLE II. AVERAGE MEAN SQUARE ERROR(MSE) OF GENERATED

FULL 3D POINT CLOUD REPRESENTATION OF INDUSTRIAL PARTS
POSITION AND ORIENTATION.

Average Mean Square Error
(MSE)

Position AX, AY, AZ,
Error

(em) 0.21 0.20 0.33

Orientation ARoll APitch AYaw
Error

(degree) | 1680 | 1515 | 21.04

Fig. 14. The CAD representation of parts with the estimated part poses are
overlapped with the 3D point cloud representation of a bin picking
scene.

C-3. Deep 2D-to-3D Transformation
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Latent Space .‘4..'.'
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Input 2D image Reconstructed
2D image
Fig. 15.Dual Auto-Encoder Architecture for generating the 2D-to-3D and
3D-to-2D transformations. The top-side network is a standard 2D auto-
encoder structure which can extract the latent vector of each 2D image
The bottom-side network is our proposed Point AE
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The 2D images with their backgrounds removed by the
above background removal process can be input to the deep
leaming based 2D-to-3D transformation network, as shown in
Fig. 15, Forthe reconstruction of2D-to-3D, we first input the
projected 2D image to the 2D encoder to obtain its feature
vector, and then connect to the 2D-to-3 D association network
to predict the global feature of the corresponding 3D point
cloud. Finally, use 3D decoder to reconstruct the point cloud
with the predicted global featureas input.

2D input

Fig. 16.2D-to-3D transformation. The input is the 2D image that captured
by a virtual camera in 3D space from a specific 3D testing object point
cloud. The output is the transformation output of corresponding 2D
projection image.

2D reconstruction output

3D input

Fig. 17.3D-to-2D transformation. The input is the raw 3D point cloud data
from testing dataset. The output is the transformation output in 2D
space.

The reconstruction of 3D-to-2D is the reverse of the above
process. Firstly, the originaltestset pointcloudis inputto the
3D encoder to obtain a global feature, and then input to the
3D-to-2D association network to predict the corresponding
2D image feature vector. Finally, the 2D decoder is used for
image reconstruction.

TABLE IIl. AVERAGE 2D-TO-3D RECONSTRUCTION LOSS APPLIED IN WHOLE
SHAPENET16 TESTING SET WITH CHAMFER DISTANCE METRIC.

Average 2D-to-3Dloss 0.014

V. 3DPOSE ESTIMATION WITH ICP
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Fig. 18. The fine-tuning of 3D object/part pose based on ICP.

The 3D poses estimated based on part feature matching are
refined by ICP as the laststep for the precision pose estimation.
The results are shownin Figs. 18 and 19.

Dimige

» IR

Fig. 19. Overlay of CAD model based on the 3D object/part poses refined by
ICP.

VI. EXPERIMENT

0 Coad

Fig. 21. Actual robotic bin picking operation for experiment.
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Fig. 22. Computational time of individual components for real-time bin
picking operation.

We have conducted a real experiment with 3 industrial
parts of arbitrary geometric shapes, asshown in Fig. 20 and
21.Fig. 22 shows thatthe proposed bin picking system can be
operated in real-time as indicated by the computational time
of individual components.

Fig. 23 shows the laboratory set-up for the experimental
demonstration of the proposed CM-GAN based real-time
robotic bin picking operations. Experiments show that the
accumacy as listed in Table II has been sufficient for a
successful bin picking operation when a vacuum gripper is
used forthepick and place operation, where less than 200 ms
is consumed to estimate the 3D part poses. However, in the
case where we need a higher precision than that reported in
Table II forpicking, we canalways go one more step further
by applying ICP to the estimated 3D pose for the final
refinement.
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Fig. 23. A robotic bin picking scene that is set up to experimentally verify
the application of the proposed CM-GAN to the 3D pose estimation of
industrial parts in a bin

Experimentsdemonstrate thatthe CM-GAN applicationto
robotic bin pickingis able to perform real-time bin picking of
multiple industrial partsofarbitrary 3D geometries with a high
precision.

VII. CONCLUSION

This paper demonstrate the real-timepickand place of 3D
industrial parts randomly filed in a bin based on a hybrd
approach ofdeep learning and engineeringas wellasona sole
deep approach. We aim at making a breakthrough to
overcome the current limitations of industrial bin picking by
enabling the real-time pick and place of multiple 3D paits of
arbitrary geometries. The experimental results demonstrate
that the proposed approaches are able to perform a real-time
multiple part bin picking operation for multiple 3D parts of
arbitrary geometries with a high precision.
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