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Abstract— Instance segmentation is a long-standing task for
supporting robotic bin picking. However, objects of diverse
classes can be closely packed with occlusions in cluttered
and chaotic scenes, hence, even recent methods could have
difficulty in locating clear and precise boundaries to distinguish
nearby objects. In this work, we aim to improve the boundary
quality of the instance masks for robust and precise instance
segmentation in these challenging scenarios. Technical-wise, we
first formulate an IoU-based Boundary-aware Mask head (IBM
head) for predicting the instance-level mask, boundary, and
their corresponding IoU scores. With this core module, we then
follow the coarse-to-fine strategy and design our pipeline with
two stages: an IoUNet to learn localization-based objectness
cue and a hierarchical mask refiner to produce sharper and
cleaner boundaries. We deploy the IBM head throughout the
framework. Extensive experimental results on three grasping
benchmarks manifest that our method attains the best instance
segmentation performance, compared with the state-of-the-art
approaches. Practically, we conduct real-world picking tests to
show that with the objectness and boundary IoU scores as
guidance, we are able to filter invalid (occluded) instances and
select high-fidelity (exposed) instances for grasping.

I. INTRODUCTION

For robotics grasping, instance segmentation is a funda-
mental task to recognize and help locate object instances.
In cluttered and chaotic scenarios, where objects of diverse
categories are randomly stacked with heavy occlusion, we
need high-quality instance masks with precise boundaries
to distinguish nearby instances for accurate grasping.

With recent progress in deep learning, many instance
segmentation solutions are developed to aid robotics grasp-
ing [2], [3], [4], [5]. However, these methods do not pay
much attention to boundaries. We verify the importance of
boundary for challenging environments. Fig. 1 shows the in-
stance segmentation results on some GraspNet [6] scenarios.
For the recent method Transfiner [1], basic instance contours
can be described when objects are isolated (pointed by a
green arrow), but the boundary precision largely drops when
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Fig. 1. Comparing results from the recent Transfiner [1] and our method.
Clearly, our method can more precisely segment closely-packed objects.

objects stack together; as pointed by two red arrows. Without
boundary-awareness, these low-quality object boundaries and
inaccurate masks containing the connection curve between
two close objects can lead to grasping failure, if the robot
gripper targets this connection edge.

Learning instance-level boundary matters from two as-
pects. First, for cluttered and chaotic scenes, boundary in-
formation can provide a strong guidance to learn the spatial
relationships between instances, helping to produce more
accurate instance-level masks. Second, compared to masks,
boundaries can better reveal the overall object structure.
Hence, an estimated boundary with high visibility to the cam-
era means less occlusion, thus helping to indicate whether
the associated object instance is easy to pick.

With these motivations, in this work, we propose a new
instance segmentation approach that specifically learns and
attends to use the instance boundaries for predicting more
accurate instance masks in cluttered and chaotic scenes. Our
key contributions include a novel IoU-based Boundary-aware
Mask head (abbr. IBM head), which predicts instance-level
mask, boundary, and their associated IoU scores. Based on
this mask head, we further design a segment-then-refine
pipeline. In the first stage, coarse instance-level masks and
boundaries are produced by an IoU-based instance seg-
mentation network, named IoUNet. We deploy it with IoU
awareness for both detection and segmentation. In the second
stage, we use a hierarchical mask refiner aided by a parallel
semantic segmentation branch. We gradually upsample and
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refine the boundary-aware masks with more details.
Extensive experiments show that our method can better

recognize the boundary contours and separate closely-packed
instances with significant segmentation improvement over re-
cent methods on various grasping environments; see Sec. IV-
B to Sec. IV-E. We practically verify the importance of the
IoU scores to guide object grasping in Sec. IV-F.

Our contributions can be summarized as follows:
• We state that boundary awareness is critical for accurate

segmentation on heavily-occluded grasping scenarios.
• We propose an IoU-based Boundary-aware Mask head,

which helps our method gradually sharpen the boundary
with precise masks in a coarse-to-fine manner.

• Extensive experiments on three benchmarks demon-
strate the strong capability of our method in segmenting
objects with high boundary precision, compared with
the state-of-the-art approaches.

• We conduct robotic demonstrations on bin-picking tasks
to show the practical effectiveness of our method. Our
predicted IoU scores provide strong guidance to select
good instances with high visibility for grasping.

II. RELATED WORK

A. Instance segmentation for robotics grasping

Existing instance segmentation works [7], [8], [9], [10]
for robotic mainly focus on improving robustness in cluttered
scenes. A direct and simple solution [11], [12], [5] is to lever-
age both RGB and depth then fuse them together towards
accurate masks. Wada et al. [3] jointly train semantic and
instance segmentation for better performance, and Schwarz et
al. [2] design a pipeline specifically for autonomous robotic
manipulation in cluttered scenes. Towards the cases with
severe occlusion, [13], [14] model the visible and occluded
regions separately. Another challenging topic is to segment
unseen object [15], [16] to generalize the method for the
open world. Danielczuk et al. [17] fed depth images into
Mask R-CNN [18] for bin picking. Xie et al. [4], [19] first
use depth for initial segmentation and then refine the coarse
masks with RGB. Further studies included segmentation [14]
and test-time domain adaptation [20].

Meanwhile, various datasets are released to facilitate stud-
ies on robotic instance segmentation, including both real-
world annotated data and synthetic training data produced
by simulation. Schwarz et al. [2] compile WISDOM with
both synthetic and real data, Suchi et al. [21] create a semi-
automatic annotation tool for RGB-D data. Xie et al. [19]
build a large-scale synthetic tabletop dataset TOD, which
can be used for pre-training, and Back at al. [14] further
generate another simulated dataset with amodal annotation.

B. Boundary-aware instance segmentation

With the development of 2D image instance segmen-
tation [18], [22], [23], [24], researchers found that mask
precision highly depends on the boundary quality. To obtain
clean and sharp contours for object instances, many recent
studies [25], [26], [27], [28], [29], [30], [31], [32], [33], [34]
paid more attention to the object boundary. Cheng et al. [28],

Fig. 2. Overview of our pipeline. Given an RGB-D input, we first design
the IoUNet composed mainly of the IBM head to predict instance mask M ,
boundary mask B, and their associated mask scores MIoU & BIoU. Next,
we design a hierarchical refiner with multiple IBM heads to produce masks
of higher precision. Note that, “assemble” means the process of assembling
a re-weighted probabilistic mask from {M,MIoU, B,BIoU}.

[30] predict both instance-level masks and boundaries, the
method gains improvements on the subtle regions. Tang et
al. [31] sample small patches on the contour and use semantic
segmentation to refine the patches. Kim et al. [32] learn a
global boundary representation for high-frequency details;
their results outperform the BlendMask [35] baseline. Zhang
et al. [33] propose Boundary-Aware Refinement and repeat-
edly leverage boundary information to upsample the mask.
Cheng et al. [29] state that boundary IoU is significantly
more sensitive than mask IoU, so using boundary IoU for
evaluation generates mask predictions of higher fidelity. We
further show that driving the network to predict boundary
IoU is an effective way to improve the mask quality, and the
IoU can provide strong guidance to indicate if an instance is
suitable for picking, as shown in Sec. IV-F.

III. METHOD

A. Overview

Given an RGB-D image of a grasping scenario, our
method provides accurate category-agnostic instance masks
by delving boundary cues. The core of our instance segmen-
tation method is the IoU-based Boundary-aware Mask head
(IBM head) that predicts both instance-level masks M and
boundaries B, as well as their associated IoU scores MIoU
and BIoU, respectively. Note that, all these predictions can
be assembled into a re-weighted probabilistic mask result
Mins for further refinement. Equipped with the IBM head,
we propose the coarse-to-fine pipeline shown in Fig. 2.

In the first stage, we design the IoUNet composed mainly
of the IBM head to predict M , MIoU, B, and BIoU. Benefited
by the IBM head with boundary awareness, we can already
separate nearby instances in this stage. However, considering
that some scenarios may be rather cluttered and chaotic,
the current results can be coarse. We thus assemble the
coarse predictions and design the hierarchical mask refiner
to further enhance the fidelity of each predicted mask. As
shown on the right-hand side of Fig. 2, besides stacking
a series of IBM heads with assembling to gradually refine
instance masks for higher quality and cleaner boundaries,
we further feed the original RGB image into our refiner
for semantic segmentation, which provides rich texture and
semantic features to guide the refinement. Below, we shall
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Fig. 3. Illustration of the IBM head. Given the RoI feature, we design
a mask branch and a boundary branch to predict masks and boundaries,
respectively. Considering the strong relationship between an instance mask
and its boundary, the two branches pass the intermediate features to each
other to enrich the information. Besides, we design a fuse module with
dilated convs to fuse features of different levels for accurate IoU prediction.

elaborate on the details of IBM head, assembling, IoUNet,
and refiner.

B. IoU-based Boundary-aware Mask Head

Typical two-stage instance segmentation methods [18],
[36] first generate RoI (Regions of Interest) features via
region proposal network (RPN) and RoI Align, which are
then fed into the bbox head and the mask head for bounding
box and instance mask regression, respectively. However,
they ignore the importance of boundary for instance mask
prediction. To this end, we propose the IoU-based Boundary-
aware Mask head (IBM head) to predict not only instance
mask but also the boundary and their associated IoU values
for each RoI. Our IBM head can be plugged in arbitrary
RoI-based methods for consistent boundary improvement.

Fig. 3 illustrates the detailed architecture of our IBM
head, which consists of two branches: mask branch and
boundary branch. The two branches take the extracted RoI
feature as input. Considering that the boundary contains rich
information of the inter-instance spatial relationship, it can
guide the mask feature to focus on the distinct edge region
and avoid confusion between nearby instances. We thus first
add the boundary feature to the mask feature to get the fused
mask feature. On the other hand, considering that the mask
information describes a coarse boundary signal, we then add
the fused mask feature to the boundary feature to get the
fused boundary feature. Finally, we predict mask M and
boundary B from the two fused features via a predictor [18],
which contains two 3× 3 convs and a 1× 1 conv.

Apart from the segmentation results, we also predict
IoU scores of both masks and boundaries, since the IoU
value directly reflects the prediction quality compared to
the ground truths, thus effectively improving the precision.
The two branches share the same process of regressing IoU
scores. Specifically, as shown in the yellow box of Fig. 3, we
concatenate the input RoI feature, the fused mask/boundary
feature, as well as the segmentation logits together and pass
through parallel 3×3 dilated convs with dilations {0, 1, 3, 5}
to obtain multi-level feature. At last, we also employ the

Fig. 4. The detailed architecture of IoUNet.

predictor to obtain MIoU and BIoU.
To evaluate the quality of M , we use cross entropy

loss [18] as the pixel-level mask loss. To evaluate the quality
of B, we follow [28] to use Laplacian operator to generate
soft boundaries from the mask ground truths M̂ , then use
Dice loss and binary cross entropy loss as the pixel-level
boundary loss. To evaluate the accuracy of MIoU and BIoU,
we calculate the mean squared error between our predicted
and ground-truth IoU values as the IoU loss, and the ground-
truth IoU values M̂IoU and B̂IoU are generated following [29]:

M̂IoU =

∣∣∣M̂ ∩M
∣∣∣∣∣∣M̂ ∪M
∣∣∣ , B̂IoU =

∣∣∣(M̂d ∩ M̂
)
∩ (Md ∩M)

∣∣∣∣∣∣(M̂d ∩Mgt
)
∪ (Md ∩M)

∣∣∣ ,
(1)

where M̂d and Md represent the set of the original masks’
pixels within distance d from the contour.

C. IoUNet

As shown in Fig. 2, the purpose of IoUNet is to generate
coarse instance masks and boundaries {M,MIoU, B,BIoU}
given an RGB-D input. Fig. 4 shows its detailed architecture.
Similar to the two-stage Mask R-CNN [18], we first extract
features through Feature Pyramid Network (FPN) and detect
object RoIs through Region Proposal Network (RPN). Here,
we use two ResNet backbones separately extracting features
from RGB and depth, then fuse C2-C5 level features to use
FPN and RPN for detection. Then we use a bbox head to
regress the precise location of bounding box (denoted as BB)
and a mask head (i.e., our IBM head) to segment a pixel-level
mask for each RoI.

To delve localization-based objectness cues for bounding
box, unlike Mask R-CNN, we design the bbox head to further
score each bounding box regarding its IoU value. As shown
on top-right of Fig. 4, apart from a bunch of box locations,
we also build a branch with two fully-connected (FC) layers
to predict IoU per bounding box. Doing so gives us an
intuitive cue of how well the predicted box is. Empirically,
as we shall show in Sec. IV-F, bbox IoU is an effective signal
to support grasping, since it somehow indicates whether an
instance is occluded or exposed. Hence, to guide the learning
of bbox head, besides the common Smooth L1 loss in box
regression, we use an extra Distance IoU loss LDIoU [37]:

LDIoU =

∣∣∣B̂B ∩BB
∣∣∣∣∣∣B̂B ∪BB
∣∣∣ − Dist(B̂B,BB)

c2
, (2)
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TABLE I
COMPARING INSTANCE SEGMENTATION PERFORMANCE OF OUR METHOD AGAINST OTHERS ON THE GRASPNET DATASET.

Methods GraspNet Seen Split GraspNet Unseen Split
Pm Rm Fm Pb Rb Fb Pm Rm Fm Pb Rb Fb

Mask R-CNN [18] 93.4 73.7 80.4 74.0 57.6 63.9 90.3 62.9 72.5 68.4 50.6 55.7
BMask R-CNN [28] 95.2 75.7 83.5 79.7 57.0 65.5 89.5 66.2 75.0 70.8 52.3 59.0
RefineMask [33] 95.0 76.9 84.7 81.4 59.3 67.8 90.7 64.4 74.3 70.8 51.8 58.6
Transfiner [1] 96.6 74.2 84.0 81.1 57.3 66.8 90.6 66.2 74.8 70.0 51.6 57.9
Ours (w/o refiner) 94.2 82.2 87.2 81.7 63.8 70.9 89.8 65.2 75.5 71.3 54.7 61.5
Ours 95.9 82.2 88.1 82.5 65.1 72.2 90.3 67.6 76.1 71.9 56.1 62.4

Fig. 5. We hierarchically refine the coarse mask with semantic context. In
each stage, we fuse instance information with semantic context, and feed
the upsampled 2x feature map into the IBM head to get the refined mask.

where B̂B is the ground-truth bbox, Dist is the Euclidean
distance between two box centers, and c is the diagonal
length of the smallest enclosing box covering the two boxes.

Compared to the standard IoU loss |B̂B∩BB|
|B̂B∪BB| , LDIoU also

minimizes the center distance of two boxes towards faster
convergence and more accurate localization.

D. Assembling Operation

Given a set of predictions {M,MIoU, B,BIoU}, we design
an assembling operation to combine them into a re-weighted
probabilistic map Mins that indicates the per-pixel objectness.
Specifically, we first get scored mask Ms = M × MIoU
and scored boundary Bs = Blur(B × BIoU), where Blur
indicates a Gaussian blurring operator of kernel size 10 to
coarsely extend the boundary. We then adjust the mask M
with the boundary information to obtain Mins:

Mins = (1−Ms)⊗Bs +Ms (3)
= (1−Bs)⊗Ms +Bs. (4)

Intuitively, the function has plane of symmetry at Ms = Bs,
which means the mask and boundary are equally important to
determine objectness. When closer to the center of the mask,
pixel objectness is mainly controlled by Ms; when closer to
the outer boundary, Bs plays a critical role to increase the
probability of this distinctive region, and is able to correct
potential mistakes of Ms for a robust Mins. In this way, we
combine the complementary strengths of mask and boundary.

E. Hierarchical Mask Refiner

As shown in Fig. 2, once we obtain {M,MIoU, B,BIoU}
by the IoUNet, we employ our proposed assembling process
to generate a coarse instance mask Mins. The current Mins
yet may have coarse contours in cluttered and chaotic scenes,
we thus propose a hierarchical mask refiner to further detail
the boundary regions with the key idea of incorporating an

RGB semantic segmentation branch [24] to explore more
contextual information; see Fig. 5 as an illustration.

Given an RGB image I∈RH×W×3, as illustrated by the
orange arrow, we design a semantic segmentation branch
using ResNet50-FCN8 [38] to generate semantic segmen-
tation result Msem ∈ RH×W×1, where the third dimension
indicates the pixel as foreground or background. We also
collect the Res2 layer feature Fsem ∈ RH

4 ×W
4 ×Csem , which

has the highest resolution and gains most spatial context.
Specifically, in stage 0, we acquire the semantic information
through RoI Align to obtain M0

sem ∈ R14×14×1 and the
corresponding feature F 0

sem ∈ R14×14×Csem . Meanwhile, from
IoUNet and assembling, we also have the coarse mask
map M0

ins ∈ R14×14×1 and its corresponding RoI feature
F 0

ins ∈ R14×14×Cins (i.e., the feature fed into mask branch
in Fig. 3). We fuse {M0

ins, F
0
ins,M

0
sem, F

0
sem} with the same

architecture as the fuse module in Fig. 3 (concatenate then
dilated convs), then upsample the fuse feature to get F 1

ins ∈
R28×28×Cins . This feature is then passed through the IBM
head and assembling to obtain the next-level mask map
M1

ins ∈ R28×28×1. We repeat the above procedure with
hierarchical mask size {14, 28, 56} for stage {0, 1, 2}, until
we get the final refined mask of size 112× 112. For the last
IBM head, we directly use the mask branch outputs as the
final results instead of using assembling to combine boundary
and mask information. At inference, the final mask score per
instance is its bbox IoU multiplied by its mask IoU.

IV. EXPERIMENTS AND RESULTS

A. Implementation Details and Evaluation Metrics

We follow the PyTorch detection framework [39] to train
our framework for 12 epochs with the SGD [40] optimizer
with a learning rate of 0.01. Using the GraspNet dataset [6]
with 25,600 images, the training takes about 30h and the
inference runs at around 4.2fps on a single GeForce GTX
1080 Ti GPU. To evaluate the quality of our predicted
instance masks and boundaries, we adopt precision, recall,
and F-measure as the evaluation metrics. Specifically, we use
Pm, Rm&Fm to denote the three metric values calculated on
masks, and Pb, Rb&Fb on boundaries. For instance boundary,
we calculate Pb and Rb following [19], [14]. Please refer to
their original papers for more details.

B. Evaluation on GraspNet Dataset

GraspNet [6] provides 190 cluttered and complex scenes
from RealSense D435 covering 88 object categories: 100
scenes for training, 30 for seen object testing, and 60 for
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Fig. 6. Comparing instance segmentation results with the SOTA methods on the GraspNet. We emphasize the cluttered regions in red boxes. Our method
generates precise masks with clean and sharp boundaries for these regions, whereas other methods fail to accurately distinguish the nearby instances.

TABLE II
COMPARING INSTANCE SEGMENTATION PERFORMANCE OF OUR

METHOD AGAINST OTHERS ON WISDOM-REAL.

Methods Pm Rm Fm Pb Rb Fb

Mask R-CNN [18] 74.6 76.0 75.1 45.5 59.4 50.9
BMask R-CNN [28] 78.5 76.7 77.5 49.4 56.5 52.3
RefineMask [33] 84.5 78.1 80.0 57.7 60.2 58.5
Transfiner [1] 85.3 77.4 79.7 57.4 61.2 58.9
Ours (w/o refiner) 85.2 77.8 80.6 61.1 58.1 58.9
Ours 86.8 78.5 81.7 65.0 60.8 62.2

TABLE III
COMPARING INSTANCE SEGMENTATION PERFORMANCE OF OUR

METHOD AGAINST OTHERS ON OCID.

Methods Pm Rm Fm Pb Rb Fb

Mask R-CNN [18] 80.8 73.9 76.1 68.2 58.4 61.8
UOIS-2D [4] 88.3 78.9 81.7 82.0 65.9 71.4
UOIS-3D [19] 86.5 86.6 86.4 80.0 73.4 76.2
UCN [41] 86.0 92.3 88.5 80.4 78.3 78.8
UOAIS [14] 70.7 86.7 71.9 68.2 78.5 68.8
Ours† 89.0 84.8 86.7 84.5 76.4 79.0

unseen object testing. Each scene has 256 different images.
We compare our method with Mask R-CNN [18] and recent
boundary-related instance segmentation methods [28], [33],
[1]. The initial input to all methods is an RGB-D image
and the input to the refiner (if any) is an RGB image. Tab. I
summarizes the results. Clearly, our method gains significant
improvements on both seen and unseen splits. Particularly,
our method consistently outperforms all others on boundary
metrics, even without our designed refiner, indicating the
effectiveness of our designed IBM head. Some typical results
are shown in Fig. 6. With boundary-awareness, our method
precisely segments nearby objects with clear boundaries; see
the overlapping regions marked by red boxes and arrows.

C. Evaluation on WISDOM Dataset

WISDOM [17] is a warehouse bin-picking dataset, in
which the WISDOM-Real split contains 400 real-world
RGB-D images with an average of 4.8 object instances
per image. Following [14], we train all networks on the
UOAIS-Sim bin-picking dataset [14], with 22,500 synthetic
RGB-D images, then directly test on WISDOM-Real split.

TABLE IV
COMPARING INSTANCE SEGMENTATION PERFORMANCE OF OUR IBM

HEAD AGAINST OTHER COMMON MASK HEADS.

Methods Pm Fm APl APm APs Pb Fb

Mask R-CNN [18] 84.9 70.1 48.7 44.0 10.3 59.7 53.1
MS R-CNN [36] 85.8 71.2 50.6 44.0 9.8 61.7 54.0
BMask R-CNN [28] 88.5 74.9 56.7 46.5 12.2 63.8 56.0
Ours‡ 90.0 77.6 57.8 47.4 14.9 66.5 57.6

TABLE V
ABLATION STUDY OF EACH PROPOSED MODULE ON WISDOM-REAL.

IBM head IoUNet (Det) Refiner Pm Rm Fm Pb Rb Fb

1 - - - 74.5 72.9 74.0 45.5 56.7 48.3
2 ✓ - - 82.9 73.7 77.6 56.1 57.0 56.2
3 ✓ ✓ - 85.2 77.8 80.6 61.1 58.1 58.9
4 ✓ ✓ ✓(S) 85.5 77.8 80.6 63.5 60.0 61.6
5 ✓ ✓ ✓(M) 86.8 78.5 81.7 65.0 60.8 62.2

Hence, the challenge of this experiment is the sim-to-real
generalization. Tab. II summarizes the comparison results.
Similarly, our method achieves almost the best performance
on both the mask and boundary predictions. Please refer to
our supplemental video for more visual results.

D. Evaluation on OCID Dataset

To further evaluate the generalization ability of our
method, we conduct experiments for unseen object instance
segmentation (UOIS) on the OCID [21] dataset with 2,346
RGB-D images and 7.5 objects per image on average. We
use TOD [19], a synthetic tabletop dataset with 40,000
RGB-D images for training. Towards better perception for
occluded regions on the UOIS task, we modified our method
to an amodal instance segmentation pipeline inspired by
UOAIS [14], which separately predicts the visible and
amodal parts with a boundary-aware manner. The modified
version is noted with †. Tab. III summarizes the comparison
results against SOTA UOIS methods. We can see that even
segmenting on unseen objects, our method still achieves the
highest values on three metrics, especially on precision.

E. Ablation Studies

a) Head comparison: To verify the effectiveness of
our IBM head, we compare it with three different mask
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Fig. 7. Illustration of the effect of our hierarchical mask refiner; see
particularly the boundary quality of larger objects.

Fig. 8. Filtered results using different bbox IoU thresholds.

heads from [18], [36] and [28]. For fairness, we omit the
refiner and use the detection in [18] instead of our design
in IoUNet (Sec. III-C). We only use the coarse predictions
for comparison, noted with ‡. Tab. IV shows the results.
We use WISDOM-Sim with 50,000 synthetic depth images
for training and WISDOM-Real with 400 real depth images
for testing. The ablation only uses depth images without
the RGB modality. We use the evaluation metrics in [39]
for analysis, where APl, APm, and APs indicate average
precision for large, medium, and small objects, respec-
tively. Clearly, our method achieves the best performance
for all metrics, especially on APl for objects of large
sizes. Equipped with boundary-awareness, both BMask R-
CNN [28] and our method significantly strengthen the model
to describe fine contours. Yet, our method with both mask
and boundary IoU predictions further outperforms BMask
R-CNN on AP for all objects of diverse sizes.

b) Module ablation: In Tab. V, we verify the effec-
tiveness of our proposed modules following the setting in
Sec. IV-C. By comparing the first three rows, we can see that
our IBM head gains significant improvement for precision,
while our IoU-based detection (Sec. III-C) contributes for
the recall. In addition, our hierarchical mask refiner further
improves the segmentation performance, where (S) and (M)
indicate single-stage and multi-stage refinement, respectively.
Fig. 7 shows the visual effect of our refiner. We can see
that our refiner plays an important role for improving the
boundary quality, particularly for large objects.

F. Real-world Picking Demonstrations

We deploy our method for warehouse bin picking of
automatic supermarkets. In this scenario, multiple objects for

Fig. 9. The sorted results according to the boundary IoU scores.

Fig. 10. A picking sequence according to our mask selection strategy,
where the object(s) painted white has the highest boundary IoU value.

sales are randomly cluttered in the container. We annotate
1,000 RGB images of 50 different objects for training,
then deploy our method in the storehouse scene for bin-
picking testing. Note that our input to the IoUNet is the
RGB modality instead of RGB-D in this demonstration, thus
we use one ResNet50 as backbone accordingly. To enable
sequential grasping, we propose a reliable evaluation scheme
based on our IoU predictions. Specifically, as mentioned
in Sec. III-C, bbox IoU is a strong guidance whether the
instance is exposed. This is verified in Fig. 8, where we show
the influence using different thresholds. We set a bbox IoU
threshold of 0.75 to filter out the occluded instances. Given
the remaining candidates of high objectness, we further find
that their boundary IoU varies w.r.t. texture distinctiveness.
A higher boundary IoU indicates the salient local distinctive-
ness as well as a relatively clean surrounding. As illustrated
in Fig. 9, we sort these instances by their boundary IoU
scores to guide the gripper for picking, , thereby avoiding
failures caused by picking occluded objects. Following the
above procedures, Fig. 10 shows an example of grasping,
where the object(s) marked in white is the best one to pick
at the moment. Video demonstrations are provided in our
supplemental file.

V. CONCLUSION

In this work, we propose a new instance segmentation
method based specifically on improving the mask boundary.
Towards boundary learning, we develop the novel IBM head
to predict instance-level mask, boundary, as well as their
associated IoU scores. The boundary IoU learning facilitates
the network to concentrate on contour details and separate
closely-packed instances. Equipped with the IBM head, we
design a coarse-to-fine framework to first generate coarse
masks and then refine them gradually with semantic contexts.
Our method achieves excellent instance segmentation results
on three benchmarks. For real-world grasping, we propose
an IoU-based strategy to select the grasping target with
the highest visibility. Experimental results show that our
predicted bbox and boundary IoU values can provide a strong
guidance on whether an instance is easy to pick.
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