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Abstract— Multiple-suction-cup grasp is preferable for pick-
ing large and heavy objects in warehouses. Deep learning
methods have been widely used to predict grasp point position
for single-suction-cup grasp, but few studies have examined
grasp pose detection for a gripper with multiple suction cups.
This study proposes MultipleCupSuctionNet, which is a deep
neural network for detecting multiple cup grasp pose. To
address the challenge of direct regression of poses, this neural
network first infers the surface mask to compute the surface
normal to obtain the direction of the gripper z-axis. The
feature maps of the surfaces are then affine-transformed to
surface image coordinates, based on which gripper position
and rotation angle around the z-axis are predicted. Such
a neural network design makes grasp pose learning easier
because there is no need to consider the orientation of the
surfaces so that 2D poses respective to the surface are learned.
Feature map affine transformation saves computation cost
because there is no need to first transform images and then
extract the features to obtain surface features. Further, for
each predicted grasp pose, the overlap area between cup and
surface is calculated to determine which cup should be used
when grasping. MultipleCupSuctionNet exhibited competitive
performance (80.1% prediction accuracy) particularly in dense
scenes compared with state-of-the-art planners (Dex-Net and
a model-free multiple-suction-cup grasp planner). Physical
picking experiments were conducted using a robot employing
the proposed neural network. The experimental results showed
that our robot achieved an average success rate of 94.5% for
picking common objects in warehouses.

I. INTRODUCTION

In Japan, the aging society is causing a labor shortage
problem. The growth of e-commerce has intensified the
problem in the field of logistics because there is high demand
for labor to pick and place various items in warehouses.
Automation of bin picking by robots is one method for
addressing the labor shortage problem in warehouses. As the
sizes of items in a warehouse may vary from small to big,
the use of multiple suction cups (MSCs) is more effective
than single suction cups (SSCs) because MSCs can achieve
various suction contact areas to stably grasp items. An MSC
gripper can use one cup to grasp small items or use more
cups to increase the contact area for stably grasping items
with large surface. However, determining the MSP grasp
pose for the appropriate number of cups to grasp randomly
posed items with various shapes and sizes is difficult.
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Deep-learning-based methods have exhibited good per-
formance for detecting the grasp pose for SSC vacuum
grippers. In previous studies, deep neural networks have been
developed to directly regress the suction grasp point position
or to infer the grasp quality map to find the optimal grasp
point position [1], [2], [3], [4]. For SCP grasp, it is sufficient
to learn only the position since the gripper orientation can be
determined based on the normal direction of the grasp point.
However, learning MSC grasp poses is more challenging
because the orientation of the gripper also needs to be learned
to make suction cups best fit the object surfaces. In addition,
suction on/off cup activation control is required to avoid
grasping non-target objects. One of the tasks in a warehouse
is to pick an ordered number of objects. In a dense scene, if
the cups are not well controlled, the gripper grasps multiple
objects (a certain object and its neighboring objects [non-
target objects hereafter in this paper]), leading to picking of
more than the desired number of objects.

Few studies have focused on MSC grasp pose detection.
To the best of our knowledge, only one recent study [5]
has proposed a two-step method to detect MSC grasp pose.
They used a U-net [6] to first infer the grasp quality and
then performed the convolution between the grasp quality
map and sampled gripper footprints to find the grasp poses
and cup activation patterns. However, the computation cost
greatly depended on the sampling size and scale factor of
footprints, and their method may mistakenly grasp multiple
objects in dense scenes.

The present study proposes MultipleCupSuctionNet for
inferring the grasp pose of a vacuum gripper with MSCs
as in Fig. 1. The network infers not only grasp position, but
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also the gripper orientation. Furthermore, to make learning
easier, we learn the grasp pose for each surface rather than
all the surfaces in an image. Specifically, we extract feature
maps of the input image and perform affine transformation
on them to obtain surface feature maps. The grasp pose
respective to each surface in surface image coordinates can
then be inferred by using the affine transformed feature map.
In addition, the cup activation pattern is directly determined
by calculating the intersection area between suction cup and
surface mask for each grasp pose without convolution of
footprints.

Our contributions include the following: (1) Proposal of a
novel deep neural network for detecting grasp pose and acti-
vation pattern of a vacuum gripper with MSCs. (2) Proposal
of an affine-transform-based method for obtaining surface
feature maps feasible for grasp pose detect. (3) Validation of
proposed method by physical bin picking experiments.

II. RELATED WORK
A. SSC grasp pose detect

Data-driven methods have demonstrated effective perfor-
mance for robotic picking tasks. Methods using deep neural
network models have been developed to detect the grasp pose
of a fingered robotic hand [7], [8], [9] and SSC vacuum
gripper [10], [11]. For SSC grasp pose detection, the deep
neural network predicts the position of the suction cup
center. The grasp pose is then derived from the normal
vector at the center. Instead of only predicting the point,
other methods predict the affordance map which contains
the pixel-wise grasp quality. The pixel with optimal grasp
quality and its normal are output to obtain the optimal grasp
pose. One representative study is Zeng et al. [1], in which
fully convolutional neural networks (FCNs) were used to
predict the pixel-wise suction for a two-finger and SSC
vacuum gripper. They used human hand-crafted annotation
data (affordance map) to train FCNs and demonstrated good
performance on bin picking by four motion primitives. Later,
Zeng’s work was enhanced by [12], [13] to improve the
generality and prediction accuracy. Another representative
work is from Mahler et al. [3], where they proposed Grasp
Quality Convolutional Neural Networks (GQ-CNNs) to pre-
dict the grasp quality. They defined a contact model between
the cup and object to generate the grasp quality annotation
data in a physical simulator. Recently, larger datasets of
SSC grasp pose and affordance have been provided by [2],
[14]. However, these studies have detected only the positions
of suction cup center points for grasping objects. They
cannot be directly applied to MSC grasp because the gripper
orientation and cup activation needed to be determined.

B. MSC grasp pose detection

Most previous studies using MSCs to grasp a specific
object with prior knowledge (e.g. object dimensions known
in advance). Mantriota [15] used a four-cup vacuum gripper
to grasp a large planar object based on the calculated neces-
sary suction force. Kozdk [16] et al. used a six-cup vacuum
gripper to grasp a round part. The part shape was known and

Fig. 2. Definition of grasp pose for MSC grasp

the grasp pose was derived from the estimated pose of the
part from the neural network. Tanaka et al. [17] designed an
"L’ shaped gripper which was equipped with MSCs on each
side. The gripper was designed to simultaneously grasp two
sides of a cardboard box. Those studies only dealt with one
type of object and could be applied to grasping objects of
various sizes.

Domae et al. [18] proposed a convolution-based method
that convolved gripper footprints with the binary mask of all
objects without segmentation information (e.g. label of each
object) to detect the MSC pose. A recent study by Schillinger
et al. [5] also generated four-cup vacuum gripper footprints,
but instead of convolving with a binary mask they convolved
footprints with the grasp quality map estimated by U-net.
However, these studies required sampling footprints. The
computation cost depends on the sampling interval and scale
of the footprints. Large interval and scale factor may lead to
decreased accuracy of calculated grasp poses. Furthermore,
since object segmentation information was not considered,
these methods might output incorrect poses for grasping non-
target objects.

Our method directly detects grasp poses from the RGB and
depth images without sampling. Furthermore, our method de-
tects surface segmentation masks based on which activation
patterns are generated to ensure that the gripper only grasps
the target object.

III. PROBLEM STATEMENT

We aim to detect the grasp pose and suction cup activation
pattern given the RGB and depth images. We assume that all
suction cup center positions are in the same plane and the
outline of the hand is a rectangle. This assumption satisfies
the layout of many common MSC vacuum grippers. In this
study, we validate our method on a four-suction-cup vacuum
gripper. All cups have the same specification (e.g. shape and
max suction force).

As shown in Fig. 2, the MSC grasp pose (GP) is defined
as [z,y,2,m,0,a], where x,y,z are the world Cartesian
coordinates of the grasp point position, n and 6 represent
the gripper orientation, a is the cup activation pattern, n is
the gripper z-axis direction vector and @ is the rotation angle
around m. a is a one hot vector for determining which cup
to activate. For example on the right side in Fig. 2, [1, 1, O,
1] indicates that cup ids O, 1, and 3 are to be activated.
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IV. MULTIPLECUPSUCTIONNET
A. Overview

Figure 3 shows the framework for addressing the problem
defined in section III. Directly regressing GP is difficult
because of the various surface orientations, and hence n is
computed first. The surface mask area is detected by YOLO
[19] which is widely used for segmentation tasks. As n is
always in the anti-direction of target surface normal, n can
be easily obtained from surface normals which are estimated
by the depth value or point cloud in the inferred surface
mask area by the surface normal estimation process in Fig. 3.
Detecting the remaining x, vy, z, 6, a is the core contribution
of this study. Since learning z, y, 2, 8 for all surfaces in world
coordinates is challenging, we convert z,y, z, 6 to u, v, in
surface image coordinates (grasp pose respective to surface
in Fig.3) and then learned pose respective to each surface.
In this case, feature maps of surfaces are required. As the
features maps of the input image (input image feature map
in Fig. 3) are extracted during surface mask detection, we
take advantage of these to perform affine transformation on
the feature maps to transform them to a viewpoint opposite
to each surface (surface feature in Fig. 3). This helps to
avoid additional computation for surface feature extraction
during the training process. a is determined by calculating
the intersection area between the cup and surface mask.
Finally, we perform inverse transformation to convert u, v, 6
to x,y, z, 0 for all surfaces (MSC grasp poses in Fig. 3).

B. Surface mask detection

Given an RGB input image, image features P3, P4, and P5
are extracted by the YOLO backbone. The YOLO neck con-
nects the backbone and surface mask detection head, which is
composed of up-sampling and down-sampling modules. The
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role of it is to fuse P3, P4, and P5 and generate new input
image feature maps F3, F4, and F5 that include the feature
information from each of P3, P4, and P5. YOLACT++[20]
was used as the surface mask detection head because it offers
high detection speed for the segmentation task. Refer to [20]
for more details of the mask detector.

C. Affine transformation

In order to learn GP in surface image coordinates, al-
though the features of the surface feature map (F3’, F4’,
F5’) are needed, it is computational expensive to transform
the input RGB image to a new RGB image opposite to
the surface and then extract its features. Therefore, we take
advantage of the input RGB image feature maps (F3, F4, F5)
that are extracted by the YOLO neck, transforming them to
surface image coordinates (a new viewpoint opposite to the
surface) to save computational cost.

In order to achieve proper affine transformation, a 3x3
projective homography matrix GG needs to be designed to en-
sure all necessary features are included after transformation.
Let us define the camera frame of the original input image
as ¢; and the new viewpoint frame (opposite to surface) after
transformation as cy. The transformation of points between
the two frames is as in Egs. (1) and (2).

cqu _w Tczlecl (1)

YR, Yo 0 dog
w _ sur sur (e}

where “T,, is the camera pose, that is, the frame of ¢;
in world coordinates; “T,, is the target viewpoint pose,
that is, the frame of cy in world coordinates; “*7T¢, is the
frame transformation from c; to co; Y Rgyr and “og,, are
the surface orientation and center position output from the
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surface normal estimation process, respectively; and dog is
the offset distance from ¢, to the surface.

To obtain G as in Eq. (3), Euclidean homography “2 H,
(Eq. (4)) and a scaled camera intrinsic matrix K* (Eq.
(5)) need to be calculated. Note that the camera intrinsic
matrix needs to be scaled by s* (Eq. (6)) because the input
image shape (H;,,, W) is different from feature map shape
(Hp,Wr). The scale factor s* is the smallest height and
width ratio between the feature map and input image.

G=K*H, K" (3)

CQt . .
(:2}[01 —C2 Rq _ C1 Nsur (4)

Osur * Msur

s* fx 0 s*cy
E =10 s fy  stcy (5)
0 0 1
. Wgp Hp
* — 6
s mm(Wim, Hz-m) (6)

where 2R, is the rotation matrix of T, , f; and f, are
the camera focal length, and ¢, and ¢, are the camera focus
point.

In Egs. (1)-(6), only dog needs to be determined. Other
parameters are constant values or can be derived from surface
normal estimation results. To learn the grasp pose, the fea-
tures of the surface and its surroundings are required. We set
dog = [0.0,0.0, 1.0], which indicates that the new viewpoint
is upright of the surface center by 1 m, to ensure that the
required feature information is included after transformation.

D. Grasp pose detection

We design a grasp detection head for detecting MSC
grasp poses. The grasp detection head is composed of three
convolution modules. The first two are followed by batch
normalization and activation function. The last one outputs
the rotated box predictions (grasp pose respective to the
surface in Fig. 3). Box predictions are computed based on
features from different stages (F3’, F4’, F5’), respectively.

E. Suction cup activation pattern calculation

For each predicted grasp pose, we transformed the cup
shape to surface image coordinates using G (Eq. (3)). To
determine whether the ith cup is to be enabled, the inter-
section area between the cup shape and surface mask was
computed. If the ratio of intersection area to cup shape area
(ﬁ%m) is larger than the threshold th, it indicates the cup
can fully contact with the surface and can be activated (a;=1
if ﬁ%m > th) to suck onto the surface. We empirically
set th to 0.9 because the suction cup could stably suck to
the surface by the setup used in the test experiments.The
cup activation pattern in Fig. 3 shows one example. The red

circle indicates the enabled cup shape.

FE. Loss function

The surface mask detection head and grasp pose detection
head were trained separately. The surface mask detection
loss Lgy, is the sum of bounding box loss Lyp,,, Objectness
loss Lopj, and mask loss Ly,qsk. CloU loss [21] was used
for fast regression of surface bounding boxes bbox (Lgy =
CIoU (bboxpred, bbozgt)). Cross entropy (CE) loss was used
to compute objectness obj (Lop; = CE(0bjpred, 0bjgt)) and
mask 108S(Lpqst, = CE(maskpred, maskgt)).

The grasp pose detection loss Lgp is for direct regression
of the grasp pose which is defined as rotated boxes (rbbozx)
in surface image coordinates. Rotated IoU loss Ly, was
used to calculate the ratio of intersection area of predicted
and ground truth rotated boxes to their union area (Lgp =
Lrrov = RIoU (rbboxpred, rbboxgy)).

V. EXPERIMENT
A. Data collection and training

The surface mask detection layers were trained first. To
generate a dataset of surface segmentation masks, an object
segmentation deep learning model [22] was utilized to first
detect the object region mask. The plane segmentation algo-
rithm was then utilized to detect all surfaces of each object
using the point cloud in the object region mask. After training
the surface mask detection module, the features maps of
surfaces were generated by extracting the Fjs, Fyy, F5 output
from YOLO neck. The ground truth grasp pose for each
surface was collected by our previously proposed heuristic
grasp planner [23]. The planner used a geometric analytic to
evaluate the stability and safety when grasping and holding
the object using MSCs in sampled candidate grasp poses.
The planner finally output the most robust grasp pose in
world coordinates. The feature maps and grasp poses were
transformed to surface image coordinates to generate the
dataset for training the grasp pose detection module. The
objects included boxes, cylinders, sprayers, and detergent
bottles. In certain scenes, the same types of objects were
posed while the number and poses of objects were varied.

We collected a total of 3,891 data (3,343 for training, 274
for validation, and 274 for testing) for training the surface
mask detection module and 2,226 data (1,787 for training,
167 for validation, and 272 for testing) for training the grasp
pose detection module. Note that the size of the grasp pose
dataset is smaller because not all surfaces have a grasp pose
due to collisions and inverse kinematics errors.

Our MultipleCupSuctionNet was developed based on
OpenMMLab [24], which is a computer vision algorithm
system including commonly used deep learning frameworks.
The training was conducted on an NVIDIA GeForce RTX
3090 GPUx2. Batch size was set to 48. Training epoch was
set to 1000. Other training parameters such as learning rate
were set to the default values.

B. Evaluation of training results

We evaluated and compared MultipleCupSuctionNet with
two state-of-the-art models for SSC and MSC grasp plan-
ning, Dex-Net (FC-GQCNN-4.0-Suction) [3] and model-free

9498



\ V / 6étéfgent bottle
W/ T e
1/

Cylinder =

\\ ! Lol
ISy
' n

Fig. 4. Object set

MSC grasp planner [5], using the test dataset. For Dex-Net
4.0, we used the pretrained model and modified the config-
uration of the prediction to fit our environment. Because the
source code was not provided, we implemented the model-
free MSC grasp planner based on the paper and changed the
footprint scale to our gripper. The evaluation metric includes
planning accuracy and planning time. Planning accuracy:
Because the final purpose is to grasp the object, a true
positive prediction is defined as the gripper being able to
suck onto the object surface by at least one suction cup (if
any a,; in Eq (7) equals to 1) under the pose inferred by the
deep neural network. The planning accuracy is defined as the
number of data with true positive predictions over the entire
test dataset. Planning time: Planning time is defined as the
time cost for grasp planner to output a grasp pose.

C. Picking experiments

In order to evaluate the performance of MultipleCup-
SuctionNet in a real application, it was implemented on
the industrial robot in Fig. 1 to perform the pick-and-
place task. MutipleCupSuctionNet output multiple candidate
grasp poses and a collision check was then performed to
find collision free candidates. Finally, the highest candidate
(highest z coordinate location) was used as the optimal grasp
pose. The robot is composed of a six-degrees-of-freedom
manipulator and a vacuum gripper with four suction cups.
The max suction force for each cup is approximately 5 [N].
An Ensenso N36 camera is installed above the bin. The robot
was required to pick randomly posed objects in the bin and
then place them on the conveyor. The object set is shown
in Fig. 4, including a box (0.06 [kg]), cylinder (0.09 [kg]),
sprayer (0.08 [kg]), and detergent bottle (0.44 [kg]). These
items are common in warehouses and have various surface
sizes. A total of 50 items for each object were to be grasped.
Grasp failure was defined as the robot being unable grasp
any object after five attempts. If failure occured, the robot
was stopped and then restarted after one object was removed
manually. The performance was evaluated by success rate
(number of items that can be grasped among 50 items) and
average grasp attempt to pick one item. Grasp attempts were
counted manually.

(A) Dex-Net 4.0 output (B) Our output

Fig. 5. Grasp planner outputs. (A) Dex-Net 4.0 output. (B) Our output.

(B) Our outputs

(A) Model-free MSC grasp planner outputs

Grasp two objects simultaneously

Fig. 6. Grasp planner outputs. (A) Model-free MSC grasp planner output.
The middle figure is from [5]. (B) Our output.

VI. RESULTS
A. Evaluation of training results

Table I shows the accuracy of grasp pose detection for
three models. All three methods could predict the grasp
poses. Our model mainly outperformed Dex-Net 4.0 and the
model-free MSC grasp planner in dense scenes. Dex-Net uses
only a depth image as the input so that when two objects
are adjacent to each other, Dex-Net may regard them as one
object and thus outputs the wrong grasp pose. As shown in
the left side of Fig. 5, Dex-Net sometimes predicted the grasp
point on the adjacent edge between two objects while our
method could predict grasp poses for each object separately
(right side of Fig. 5). The model-free MSC grasp planner
sometimes grasped multiple objects as in Fig. 6. This seems
to be the same planning result as in the previous study (see
the middle of Fig. 6 and Fig. 9 in [5]). This may have lead
to grasping non-target objects. The planning time was the
fastest in Dex-Net because it does not need to calculate the
gripper orientation and cup activation pattern. Our model was
faster than [5] because there is no need to sample footprints
and convolution computation for our method when planning
the grasp pose. Note that the authors in [5] reported that
their grasp planning cost 628 ms. The planning time in our
study was longer than in [5] (Table I) , which might have
resulted from the different size of image and footprint. To
achieve optimal results, we set higher gripper footprint and
input image resolutions, leading to a longer planning time.

B. Picking experiments

The picking robot achieved an average success rate of
94.5% for picking a box, cylinder, sprayer, and detergent
bottle. Figure 7 shows the prediction results of MultipleCup-
SuctionNet. The results show that MultipleCupSuctionNet
could correctly predict the grasp pose and cup activation
pattern in accordance with the different surface sizes. The
box and sprayer were the easier (small attempts) for the
robot to pick because they have large planar surfaces. The
cylinder (larger attempts) was difficult to pick because it has
a curved surface rather than a planar one, so a small grasp
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Fig. 7. MultipleCupSuctionNet prediction results. Red transparent circles
are activated cups. Black circles are disabled cups. Note that only poses
with a score higher than the threshold are output.

pose error may lead to grasp failure. Main failure result from
no collision free path for the robot and the fact that item
collided with the surroundings after being grasped.

VII. CONCLUSIONS

This study proposed a deep neural network for predicting
grasp pose and determining the cup activation pattern for
MSC grasp. Our network achieved a fast planning time and
outperformed Dex-Net 4.0 and the model-free planner in
cases where objects were located near each other. The robot
achieved an average 94.5% success rate in robotic picking
experiments, indicating that our proposed network model can
be applied to picking task automation in warehouses.

We intend to make further improvements to this work
in the future. First, the parameters (e.g., dog in eq.(2))
in MultipleCupSuctionNet were determined empirically. We
intend to validate the network using different parameter
settings. Second, we intend to perform more experiments
with different setups to further validate the network. As this
study focused on validating whether the network can infer
the MSC grasp poses and help the robot to successfully grasp
the objects, we used only learned objects as our experimental
targets. In the future, we intend to use novel objects and
different types of objects posed in the bin to investigate the
generalizability of the proposed network. We also intend to
incorporate state-of-the-art planners into our robotics system
to compare the performance in physical picking tasks in ad-
dition to the grasp pose inference performance. Experiments
using a heuristic planner [23] will also be performed to study

the strength of our learning based method.
TABLE I

ACCURACY OF GRASP POSE DETECTION
Model Gripper Input Accuracy Time cost
Dex-Net [3] Single cup Depth 60.3%(164/272) 0.19s
Model-free [5] Four cups  RGB-D  73.9%(201/272) 5.62s
Ours Four cups  RGB-D  80.1%(218/272) 0.47s
TABLE II
PICKING EXPERIMENT RESULTS
Object set Success rate Average attempts
Box 94% (47/50) 1.02 (48/47)
Cylinder 94% (47/50) 1.55 (73/47)
Sprayer 90% (45/50) 1.13 (51/45)
Detergent bottle ~ 100% (50/50) 1.26 (63/50)
Average 94.5% 1.24
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