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Abstract—1In this work, we present STOPNet, a framework
for 6-DoF object suction detection on production lines, with
a focus on but not limited to transparent objects, which is
an important and challenging problem in robotic systems and
modern industry. Current methods requiring depth input fail
on transparent objects due to depth cameras’ deficiency in
sensing their geometry, while we proposed a novel framework
to reconstruct the scene on the production line depending only
on RGB input, based on multiview stereo. Compared to existing
works, our method not only reconstructs the whole 3D scene in
order to obtain high-quality 6-DoF suction poses in real time
but also generalizes to novel environments, novel arrangements
and novel objects, including challenging transparent objects,
both in simulation and the real world. Extensive experiments
in simulation and the real world show that our method signif-
icantly surpasses the baselines and has better generalizability,
which caters to practical industrial needs.

I. INTRODUCTION

Object picking on production lines is an essential task
for robotic systems and is widely used in modern industrial
applications, such as logistics sorting and bin picking, efc.
Building such an autonomous robotic system to pick and
place objects on a moving production line can greatly save
time, reduce human labor and increase productivity. In addi-
tion, as a major end-effector in picking objects, the suction
cup has gained much popularity due to its simplicity, effi-
ciency and robustness. Therefore reliable suction detection
is also worth studying to solve this task.

Due to the importance of this task, recent years have
witnessed great progress in developing such systems to
automatically conduct production line pick and place [1]-[7].
These methods rely on low-level image features or 3D CAD
models to detect suction poses, which only work on regular
or seen objects. There are also learning-based methods on
static object suction [8]-[12] that leverage accurate surface
information from RGBD/depth input and can generalize to
novel diffuse objects.

However, transparent object suction still remains a chal-
lenging case for such a system. Depth sensors can hardly
sense transparent objects and often generate wrong, missing
and fuzzy depth on these objects, which causes the failure
of these learning-based methods on transparent objects.

For grasping transparent objects, recent studies have fo-
cused on depth restoration [13]-[15], leveraging imperfect
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Fig. 1. Overview of our production line real robot setup and our
proposed STOPNet. Taking multi-timestep RGB input from two cameras,
our framework conducts 3D scene reconstruction and suction detection in
real time. Our model is trained on a large-scale synthetic dataset but it can
also generalize to real-world objects and environments effectively.

depth [16], [17] and RGB-based grasping [18]-[20]. How-
ever, recent works for suction detection [8]-[12] require ac-
curate depth input, since suction relies more on local surface
geometry than 6-DoF grasping. Therefore these methods
struggle to detect suction on transparent objects without
reliable depth input. In that sense, the issue of suction
detection for transparent objects is worthy of study.

As to production line pick and place system design,
recent works mainly focus on suction detection from a
single view [1], [2], [5]. These methods usually suffer from
performance degradation in cluttered scenes due to their
limited observations. Instead, our method utilizes multi-
timestep multiview images to reconstruct the whole scene
using volumetric truncated signed distance function (TSDF)
representation, making it easier to handle cluttered scenes,
which are common in real-world applications.

Our method, STOPNet, addresses the problems mentioned
above by “stopping” the production line. Specifically, as-
suming that the production line is moving at a constant
speed, we can transform our multi-timestep multiview RGB
observations to static multiview observations, which enable
3D reconstruction. After that, we tackle this problem by
combining 2D and 3D, where in 3D space, we conduct scene
reconstruction and wrench-collision prediction only given
multiview RGB images, and in 2D space, we predict pixel-
level seal and normal on original RGB input since these two
attributes rely more on local object surface smoothness than
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global scene geometry. By conducting the 2D-3D fusion, we
can obtain reliable Top-k suction poses, which will be further
executed by robot suction cups.

To achieve generalizability and reduce the sim2real
gap while saving training costs, we utilize a domain
randomization-based synthetic data generation pipeline to
generate a large-scale and diverse synthetic dataset contain-
ing over 300K images and 40M suction poses for our train-
ing. Combining this with other designs, such as discarding
redundant textures and illuminations, extensive experiments
demonstrate our method’s generalizability both in simulation
and the real world.

To summarize, our framework has many advantages over
current methods on production line object suction: it is
generalizable to diverse objects in the real world, achieving
success rates up to 90.38% in the real world; it performs
well on transparent objects without depth input, which is
a challenging case in practice; it utilizes multi-timestep
multiview input to conduct 3D reconstruction, thus is able to
handle cluttered scenes; it is in real time and can be adapted
to practical industrial production; it has a low cost of only 2
RGB cameras; and it can perform 6-DoF suction detection.

II. RELATED WORK
A. Transparent Object Grasping

Grasping transparent objects is a challenging task for
robotic manipulation since stereo cameras can hardly cap-
ture good-quality depth images of transparent objects. Thus
recent studies on object suction [8]-[12] based on RGBD or
depth images will inevitably fail on transparent objects due
to their imperfect depth.

Recent years have witnessed multiple solutions to this
issue. One direct way is to restore depths in advance, such
as in [13]-[15]. Some studies focus on using single-view
fuzzy RGBD images to learn a grasping policy [16], [17],
which cannot handle cluttered scenes due to their single-view
input. There are also works focusing on taking multiview
RGB as input. For example, GlassLoc [18] constructs a
Depth Likelihood Volume (DLV) descriptor from multiview
light field observations to represent transparent object clutter
scenes. GhostPose [19] conducts transparent object grasping
by a model-free pose estimation method based on multiview
geometry. And GraspNeRF [20] represents the scene geom-
etry as the generalizable NeRF and jointly trains the NeRF
and grasping detection. Similar to [20], our method predicts
TSDF and detects suction poses directly from multiview
RGB images, thus being able to handle transparent objects.

B. Suction Analytic Models and Suction Detection

Different from grasping by parallel grippers, suction cups
have the advantage of high efficiency, flexibility and simplic-
ity, thus are widely used in industrial production lines. Many
studies [9], [11], [21] have proposed suction analytic models
and their evaluation. As elaborated in [11], a suction pose is
defined as a 3D suction point and a direction vector starting
from the suction point and pointing outside of the object
surface. And a suction pose can be evaluated in dimensions

of seal, wrench and collision. We follow their suction analytic
model in our setting.

As to suction detection, database-based or CAD model-
based suction detection [1] is one of the most commonly
used methods in the industry since it’s simple and efficient.
However, it is not generalizable and thus cannot handle a
wide variety of objects. Current learning-based methods,
such as [8]-[12] are generalizable but only cater to single
view static suction and need depth input, which will fail on
transparent objects. Our method, instead, not only utilizes
multi-timestep multiview RGB images to handle dynamic
and cluttered scenes but is also generalizable to a wide
variety of objects, including challenging transparent objects.

C. Object Picking on Production Lines

In line with the principles of Industry 4.0 [22] which
aims to push for flexibility on target changes and autonomy,
object picking on production lines has wide applications in
autonomous industrial scenarios, thus was heavily studied
in the previous decades [1]-[7]. Recent studies implement
object recognition and suction detection mainly by CAD
model database matching [1], HOG/SVM [2] or morpho-
logical operators [5], which are either non-generalizable or
ineffective. By contrast, our method can both generalize to
novel objects and achieve high performance, with a low cost
of 2 RGB cameras.

III. METHOD
A. Problem Statement and Method Overview

Given a sequence of RGB images of objects on a pro-
duction line, the goal of the proposed robotic system is
to detect the 6-DoF suction poses and then execute the
suction to remove objects on the line, as shown in Fig. 1.
The production line moves at a known fixed speed from
left to right. On the left side is the reconstruction zone,
where RGB images are captured by two cameras at regular
timesteps. Then 3D reconstruction and suction pose detection
are conducted in real time and the final suction pose at this
timestep will be sent to the robot arm. When objects move
into the robot’s workspace on the right side, i.e., the suction
zone, the robot arm will execute the suction based on a
position shift. The process is pipelined and repeated until
there is no detected valid suction pose.

After the production line is stable, for each timestep, we
get the paired images of this timestep, and retrieve paired
images of previous N — 1 timesteps, obtaining N pairs of
multi-timestep images in total. In this way, we formulate
the 6-DoF suction detection as a learning problem that
maps a set of paired RGB images from N timesteps, i.e.
2N images, {f;};,_; ,y. to a set of 6-DoF suction poses
{Sj|S; = (pj.dj,sj)}, where, for each detected suction S;,
pj € R3 is the suction position, dj € R? is the suction
direction, and s; € [0, 1] is the overall suction score, which is
composed of 3 parts: seal score, wrench score and collision
score, where seal score sy, € [0, 1] models the seal formation
of the suction cup, wrench score Syench € [0,1] models the
resistance to the wrench caused by gravity, and the binary
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Fig. 2.

The framework of our proposed STOPNet: (a) Inference Pipeline: multi-timestep multiview RGB images are captured by two cameras as the

input to our framework. Volumetric TSDF, wrench and collision volumes are predicted from our Volumetric WrcColNet, while seal and normal maps are
predicted from our 2D SealNormNet. We then use the grid sampling method to sample proposal suctions from predicted 2D seal maps and conduct 2D-3D
fusion to obtain Top-k suction poses for robot execution. (b) Volumetric WrcColNet: from RGB input we predict depth maps, from which we extract
and aggregate features to construct the aggregated feature volume V,. Then we predict the TSDF volume Vrgpr and conduct volumetric wrench-collision
predictions; (c¢) 2D SealNormNet: from monocular RGB images, we jointly predict seal and normal maps.

collision score Scoyision € {0,1} denotes whether a suction
pose is in collision with other objects in the scene. The
overall score for a suction pose is then computed by:

(D

Given that the production line is moving at a fixed and
known speed, we can transform the observed multi-timestep
multiview images into static multiview images. This is be-
cause we can consider the objects to be stationary and the
cameras to be moving, as illustrated in Fig. 1. It allows us to
calculate the transformed camera extrinsics of each timestep
based on the production line’s speed and original camera
calibration. We can then use these images, along with the
transformed camera extrinsics, to perform 3D reconstruction
and suction pose detection.

Our proposed framework is composed of two branches,
Volumetric WrcColNet and 2D SealNormNet, as illustrated
in Fig. 2. For each timestep, in Volumetric WrcColNet,
we leverage our DPT-Depth Module to conduct monocular
depth estimation on separate RGB inputs and feed depth
predictions into a multiview Scene Geometry Reconstruction
Module to output volumetric TSDF of the reconstruction
zone. Taking TSDF as input, the following Volumetric Suc-
tion Module learns to predict grid-level wrench scores and
collision scores of the whole scene. In 2D SealNormNet, we
take RGB images as input to jointly predict pixel-level seal
scores and surface normals. The two branches are separately
trained and fused together at inference time to output the
Top-k suction poses for each timestep.

B. Volumetric WrcColNet:
Wrench-Collision Prediction

8j = Sseal X Swrench X Scollision

Scene Reconstruction and

To better detect suction poses on a moving production line,
it is crucial to wholly and accurately reconstruct the scene
geometry in a generalizable way. Therefore our proposed
Volumetric WrcColNet, which is composed of DPT-Depth
Module, Scene Geometry Reconstruction Module and Vol-
umetric Suction Module, utilizes multi-timestep multiview

images to reconstruct the whole 3D scene to learn better
suction detection. All the modules above are jointly trained
in a fully end-to-end manner.

1) DPT-Depth Module: Since real-world data are expen-
sive and labor intensive, it is more common to get training
data from simulation environments, thus the sim2real gap is
an inevitable issue to tackle. Under these circumstances, we
propose to first learn a module to unify synthetic data and
real data into the depth domain.

Dense Prediction Transformers, i.e. DPT [23] is a large-
scale vision transformer that can be applied to many dense
image-to-image prediction tasks, such as semantic segmen-
tation, monocular depth estimation, etc. DPT’s network ar-
chitecture contains an encoder that is composed of a series
of embedding layers, transformer blocks, reassemble layers
and fusion layers to encode the RGB input into dense image
feature maps, and a convolutional decoder network to output
dense prediction results of the same resolution as input.

Specifically, we leverage a DPT model pretrained on MIX
6 [23], a large-scale real-world monocular depth estimation
dataset containing about 1.4 million images, and finetune it in
our setting. Therefore the network inherits the abundant real-
world knowledge in advance and thus better generalizes to
the real world. Taking multi-timestep RGB observations {/;}
as input, the module outputs depth map predictions {D;} for
3D reconstruction. In this way we discard redundant textures
and illuminations from input and unify input domains into
the depth domain, which helps to bridge the sim2real gap. To
supervise the DPT-Depth Module, an L1 pixel-level Depth
Loss L; is utilized to directly supervise depth estimations.

2) Scene Geometry Reconstruction Module: Inspired
by [20], first we propose a Multiview Feature Extraction and
Aggregation Network to encode the depth predictions into a
volumetric representation. To be specific, we divide our 3D
reconstruction zone into grids of size X, Y and Z and utilize a
CNN encoder to extract input depth prediction feature maps.
Each grid point x € RXYZ is then projected to the 2N depth
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feature maps and queries the corresponding features, which
are then aggregated among views using MLPs to form an
aggregated feature volume V,, € RXY2*C,

After obtaining aggregated feature volume V,, similar
to [24] and [20], we propose a TSDF Prediction Network
to predict volumetric TSDF Vrspr € [—1,1]X¥% from V,,
supervised by a L1 TSDF Geometry Loss L.

3) Volumetric Suction Module: Motivated by [25], taking
predicted TSDF as input, we propose a 3D CNN encoder-
decoder Wrench and Collision Prediction Network to predict
volumetric wrench scores W € [0, 1]¥¥# and collision scores
C € {0,1}*Y2, We explicitly supervise the L2 Wrench Loss
L,, and binary cross entropy Collision Loss L. on grids.

Therefore the whole Volumetric WrcColNet’s objective
Lsp can be formulated as:

Lip = oLy + 0p Ly + 3L, + 04 L, 2

C. 2D SealNormNet: Suction Pose Detection

As SuctionNet-1Billion [11] indicates, each suction pose
contains 6 degrees of freedom and can be evaluated through
three dimensions: seal, wrench and collision. Wrench and
collision mainly focus on the global characteristics of objects
and scenes, while seal heavily relies on the local charac-
teristics of object surfaces. Therefore a prediction of seal
scores from unreliable 3D representations can do great harm
to the performance, and so do surface normals, which are the
default choices of suction directions. To this end, we propose
to predict seal scores and surface normal in a 2D manner.

Specifically, taking RGB as input, we utilize a DPT model
that shares the transformer encoder layers to extract image
features and leverage different convolutional decoder layers
to jointly predict the seal map M; and the normal map M,.
And we directly supervise the dense pixel loss, which is:

Lop = Bul|Ms — Mgl[2 + Bal|My — My |1 3)
where M; and M, are the GT seal and normal map.

D. Inference Pipeline

At inference time, we need to conduct 2D-3D fusion to
acquire Top-k suction poses to execute. First we do grid
sampling on 2D seal maps to get pixel positions of high
seal scores and query corresponding normals on predicted
normal maps to obtain our 2D suction proposals. Based
on the predicted TSDF volume Vrspr, we can render the
corresponding de-noised depth maps using the Marching
Cube Algorithm [26]. This allows us to obtain 3D positions
{p;} and normals {d;} from 2D pixels. Given 3D points of
seal scores gy € [0,1], both wrench scores Syench € [0,1]
and collision scores S¢oision € {0, 1} of the nearest grids from
the predicted wrench and collision volumes will be assigned
to these points. Finally, we calculate the overall scores by
Eq. 1 and rank them to get {s;}. In this way we obtain the
3D Top-k suction poses {S;|S; = (p;,d;,s;)}, which can be
further executed by robot suction cups.

As Top-k suction poses are unaware of object identities,
multiple suctions can be predicted on the same object. To

avoid this, we propose Repetitive Suction Avoidance, where
we predict instance masks with MobileSAM [27] and apply
heuristic filters to ensure each object is only sucked once. At
each timestep, if there exist valid and non-repetitive suction
poses, one final suction pose will be selected and sent to the
robot arm. It will be executed once the object appears in the
end-effector’s workspace.

E. Synthetic Data Generation and Sim2real Gap Reduction

Since our case is specific, no existing dataset can satisfy
our needs. And as real-world data with annotations can be
expensive and labor intensive, training on synthetic datasets
is more costless and scalable. Hence, motivated by [20],
we propose an automatic data generation pipeline and a
large-scale production line suction dataset, containing over
1000 production line layouts, 10000 multiview scenes, 300K
images and 40M suction poses of diverse objects.

To generate the data, we first collect a wide range of CAD
models and textures. Then we randomly place these objects
on a moving production line in PyBullet simulator [28].
Based on simulation output, we render photo-realistic multi-
view RGB images, depth and normal maps in Blender [29].
For suction annotation, we use APIs provided by [11] to
generate GT seal, wrench and collision scores. We then ren-
der the corresponding 2D seal maps using PyTorch3D [30].
Example data can be found in Fig. 1 upper right.

To better bridge the sim2real gap, we leverage domain ran-
domization to randomize object arrangements, illuminations,
camera poses and backgrounds. Combining this with our
finetuned DPT-Depth Module, we largely reduce sim2real
gaps, as models trained on our synthetic dataset can easily
generalize to the real world and achieve higher performance
than other methods, which will be covered in Section IV.

IV. EXPERIMENTS

In this section, we evaluate the performance of our pro-
posed method for production line suction tasks in both
simulation and real-world environments. We also perform
ablation studies in the real world to analyze the effectiveness
of different modules of our framework.

A. Implementation Details

As indicated in Section III, we set the size of the recon-
struction zone grid as X = 50,Y =40,Z = 30 in cm, and the
number of timesteps used in one reconstruction is N =5. We
train our model for a maximum number of 300K iterations
utilizing the Adam optimizer [31] with a learning rate of
1 x 10~* and a learning rate decay of 0.5 per 100K iterations.

B. Experiment Setup

1) Object Sets: In simulation, we utilize 160 hand-scale
objects from [32] and assign them with transparent textures.
We then replenish the object set with 80 package objects
of similar scales and assign them with diverse real-world
textures in order to learn suction detection for practical
industrial usage. Following [33] and [11], objects are split
into seen, similar, and novel sets. We train our model only

5392



TABLE I
EVALUATION FOR DIFFERENT METHODS IN THE SIMULATION ENVIRONMENT

EACH CELL: TRANSPARENT / MIXED

Metrics TSDF MAE | | Surf. TSDF MAE | Seal MAE | Collision Acc. (%) T | AP@Top-1 1 | AP@Top-5 1
DPT-Fusion [23] 4.73 /2.88 20.03 / 12.25 0.018 / 0.020 93.93 /94.44 0.55/0.44 0.55/0.42
Seen SuctionNeRF [20] 0.88 /0.71 3.09 / 2.03 0.280 / 0.269 95.89 / 95.25 0.05 / 0.04 0.05 / 0.04
Ours 0.55 /7047 2.08 / 143 0.018 / 0.020 96.32 / 95.68 0.65 / 0.80 0.58 /0.71
DPT-Fusion [23] 6.12/3.78 23.32/12.43 0.025 / 0.024 93.36 / 94.60 0.45/0.55 0.30 7 0.56
Similar | SuctionNeRF [20] 1.41/1.01 4.02/2.52 0.237 /1 0.222 95.29 / 95.69 0.00 / 0.10 0.10 / 0.07
Ours 0.97 / 0.65 2.82/1.59 0.025/0.024 95.57 7 96.51 0.55/0.85 0.59 /0.81
DPT-Fusion [23] 330/323 18.77 1 16.62 0.032 / 0.034 93.08 / 93.06 0.42/0.51 022 /043
Novel SuctionNeRF [20] 0.67 / 0.85 2.43/3.14 0.394 / 0.371 95.56 / 93.20 0.00 / 0.10 0.06 / 0.07
Ours 0.47 7 0.59 1.84/2.19 0.032/0.034 95.87 7/ 93.34 0.55/0.80 0.44 7/ 0.65

on the seen set and test them on all three sets in novel
arrangements to check the generalizability of our framework.

In the real world, we gather around 30 different types
of diverse objects, including transparent ones and other
common items, to put on the production line. All the objects
are unseen to our model so we split them into similar and
novel sets based on their geometry, as shown in Fig. 1.

2) Real Robot Setup: As in Fig. 1, we set two RealSense
D415 cameras diagonally to capture RGB images (depth is
not used in our method) and set the speed of the production
line to 100mm/s. For motion planning, since the objects are
moving at a fixed speed, we utilize a heuristic algorithm that
moves the robot arm above to track the suction position in the
workspace. When the two trajectories coincide, the suction
cup will push down to execute the suction.

For the final suction pose selection from Top-k proposals
at each timestep, we take heights and directions of suction
poses into account to adapt 6-DoF suction poses to our 4-
DoF AtomRobot D3P-1100-P3 parallel robot arm. We set
the timestep length to 1s, and the inference time of our
whole pipeline is around 0.5s using a single GPU, leading to
continuous and pipelined suctions on the production line in
1Hz, which is compatible with our robot arm’s cycle time.

C. Baseline Methods

We compare our method with the following baselines in
simulation or real-world environments.

« DPT-Fusion [23]. As multiview depths can be directly
used to fuse a TSDF in a non-learning way, we utilize
the toolbox provided by [34] to fuse a TSDF volume
from predicted depths by finetuned DPT [23] in place of
our Scene Geometry Reconstruction Module. We utilize
our 2D SealNormNet for seal and normal prediction.

o SuctionNeRF [20]. Based on GraspNeRF [20], a multi-
view 3D reconstruction and grasp detection framework
using generalizable NeRF, we modify its VGN [25]
grasping detection head layer to predict seal, wrench
and collision scores to adapt to our setting.

o SuctionNet [11]. An object suction detection framework
that takes RGBD images as input. It gets a partial point
cloud from depth input and a 2D heatmap from RGBD
input, and then executes suction by the heatmap scores
and projected point coordinates.

e 2D Object Detector [35]. In industry, a common
practice is to use a 2D object detector to detect

objects’ centroids. To ensure generalizability, we uti-
lize YOLOVS [35] for object detection and finetuned
DPT [23] for depth estimation.

D. Simulation Experiments

1) Metrics: In simulation environments, we mainly focus
on different methods’ performance on 3D object reconstruc-
tion and 6-DoF suction prediction precision, so we compare
our method with DPT-Fusion [23] and SuctionNeRF [20]
using multiple metrics, including the TSDF MAE and
Surface TSDF MAE (converted to millimeters) to evaluate
reconstruction quality of the whole scene and object surfaces,
Seal MAE to evaluate seal score prediction and Collision
Accuracy to evaluate collision score prediction. Follow-
ing [11], we also evaluate the overall suction score prediction
using AP@Top-k, the average of AP with threshold s
ranging from 0.2 to 0.8, with an interval of & = 0.2. We
report the AP value under Top-1 and Top-5.

2) Results and Analysis: As presented in Table I,
in the simulation environment, our method outperforms
all the baselines for all combinations of object sets
(seen/similar/novel) and object types (transparent/mixed),
demonstrating the superiority of our method.

Compared to non-learning DPT-Fusion, we perform sig-
nificantly better due to our method’s great improvement in
reconstruction quality, which verifies that our Scene Ge-
ometry Reconstruction Module can significantly reduce the
inconsistency of multiple monocular depth estimations.

Also, compared to SuctionNeRF, our method improves re-
construction quality because of the prior knowledge on depth
estimation embodied in the pretrained DPT-Depth Module.
Moreover, better reconstruction quality benefits suction col-
lision detection, as our method has better performance on
collision accuracy.

For seal prediction and AP@Top-k, our method greatly
surpasses SuctionNeRF because instead of taking flawed
TSDF as input, we predict seal scores in a 2D manner,
which takes RGB as input so that the model can better learn
local characteristics of object surfaces, which is crucial for
seal scores. Our method also beats DPT-Fusion since our
reconstruction quality is better.

In addition, our method’s improvement on similar and
novel object sets demonstrates that our method has better
generalizability due to our pretrained DPT-Depth Module and
using predicted depth as input of 3D reconstruction.
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TABLE I
EVALUATION FOR DIFFERENT METHODS IN THE REAL WORLD

EACH CELL: TRANSPARENT / MIXED

Metrics SR (%) 1 DR (%) T
DPT-Fusion [23] 13.76 / 27.64 | 12.50 / 26.25
SuctionNeRF [20] 48.78 /1 42.56 | 46.87 /39.33
Similar SuctionNet [11] 27.27 1 40.00 | 22.72/33.33
2D Object Detector [35] | 27.77 / 28.57 | 14.28 / 15.38
Ours 87.64 / 90.38 | 70.90 / 78.77

DPT-Fusion [23] 6.81/14.01 6.38 /12.71
SuctionNeRF [20] 19.56 / 13.15 19.14 / 11.36

Novel SuctionNet [11] 9.66 / 15.38 8.10 / 12.50
2D Object Detector [35] | 10.00 / 11.76 10.00 / 9.75
Ours 69.23 / 85.52 | 61.36 / 73.86

RGB image Ours DPT-Fusion SuctionNeRF

Fig. 3. Visualization of TSDF reconstructed by different methods. The ge-
ometry from DPT-Fusion, which is directly fused from depth estimations has
severe flaws, indicating that our method can greatly reduce the inconsistency
of multiple monocular depth estimations. In comparison to SuctionNeRF,
which uses direct RGB input and produces floaters in 3D reconstruction, our
method results in more accurate reconstruction and better suction detection.

E. Real Robot Experiments

We evaluate our method and all baselines in the real
world with a production line and objects configured as in
Fig. 1. Each experiment consists of 3 rounds with each round
featuring 120 objects which are sequentially placed in the
same arrangement. A suction is considered successful if it
removes the object from the production line.

1) Metrics: As the GT labels are not available in the
real world, following [20], we measure the performance
by Success Rate (SR): the ratio of the successful suction
number to the attempt number; and Declutter Rate (DR):
the average percentage of removed objects to all objects.

2) Results and Analysis: Table II presents SR & DR
of real-world object suction on the production line with
the same objects and arrangements. Results show that our
method beats all the baselines for all combinations of object
sets (similar/novel) and object types (transparent/mixed). The
great improvement in the novel object set also indicates our
method’s generalizability. In addition, in Fig. 3 we provide
real-world reconstruction results using different methods.

Based on the results, it is clear that our approach performs
much better than DPT-Fusion and SuctionNeRF, as explained
in Section IV-D.2. Additionally, the visualization in Fig. 3
demonstrates that our method can create more precise and
superior 3D scenes in real-world settings. This is in contrast
to other methods that generate artifacts or floaters that hinder
wrench prediction and collision detection.

Compared to SuctionNet, which needs depth for input,
our method performs significantly better in SR and DR,
especially in transparent objects, indicating that errors in
transparent object depths greatly harm the performance of
RGBD-based methods.

Finally, our method outperforms the basic 2D object
detector method because we leverage multi-timestep images

to wholly reconstruct the scene, making it more capable of
handling cluttered scenes. Also, rather than just selecting the
centroids of objects, our method can better predict seal scores
on objects, contributing to better performance.

However, we also notice some failure cases. For example,
occasionally there will be a small offset in reconstruction
and suction detection because of the unstable condition of
production lines.

F. Ablation Studies

To analyze our method design, we conduct ablation stud-
ies on different configurations in the real world. As the
effectiveness of our 2D SealNormNet has been analyzed at
Section IV-D.2, this section focuses mainly on our Volumetric
WrcColNet. Results can be found in Table III.

TABLE III
ABLATION STUDIES IN THE REAL WORLD

EACH CELL: TRANSPARENT / MIXED

Metrics SR (%) T DR (%) 1

RGB 80.37/74.71 | 65.64 /65.19

Similar w/o pretraining | 68.33 /79.60 | 58.15/72.62
1/5 Data 70.12 /76.43 | 49.09 / 62.82

Ours 87.64 / 90.38 | 70.90 / 78.77

RGB 50.94 /52.08 | 48.21/42.01

Novel w/o pretraining | 50.00 / 51.85 | 43.63 / 41.17
1/5 Data 60.00 / 70.00 | 50.00 / 57.14

Ours 69.23 / 85.52 | 61.36 / 73.86

First, we examine the effect of taking depth maps as
input to our Scene Geometry Reconstruction Module. We
change the module’s input from predicted depth maps to
raw RGB images, and the performance degradation indicates
that removing redundant elements, such as textures and
illuminations from input helps to bridge the sim2real gap.

Then we analyze the effect of the pretrained DPT-Depth
Module on MIX 6 [23] dataset. Results show that compared
with training DPT-Depth Module from scratch, our method
can better generalize to the real world due to the prior
knowledge from pretraining.

To show the necessity of the large scale of our synthetic
dataset, we cut down training data to 1/5 of the original data.
The resulting decrease in performance highlights the signif-
icance of a large training data scale for model performance.

V. CONCLUSIONS

In this work, we propose STOPNet, a multiview RGB-
based 3D reconstruction and 6-DoF suction detection frame-
work for transparent objects on production lines. We also
present a large-scale synthetic dataset and corresponding data
generation pipeline for object suction on production lines. We
also leverage multiple practices to reduce the sim2real gap.
Experiments in simulation and the real world demonstrate
our method’s superiority over current methods and great
generalizability to the real world. We hope our work can
benefit related research and industrial practices.
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