Highly Accurate Dichotomous Image
Segmentation

Xuebin Qin'/®, Hang Daill®, Xiaobin Hu?®, Deng-Ping Fan*3®, Ling Shao®,
and Luc Van Gool®

! MBZUAI, Abu Dhabi, UAE
2 Tencent Youtu Lab, Shanghai, China
3 ETH Zurich, Switzerland
4 Terminus Group, China
xuebin@ualberta.ca, hang.dai@mbzuai.ac.ae, xiaobin.hu@tum.de,
dengpfan@gmail.com, ling.shao@Qieee.org, vangool@vision.ee.ethz.ch

5

1 Related Work

1.1 Multi-class vs. Dichotomous Segmentation

Multi-class (e.g., semantic [39], panoptic [32]) segmentation aims at simulta-
neously labeling all the pixels in an image of complex scenario |10}|77], which
contains many different objects, with the pre-defined multiple categories encoded
in one-hot vectors. However, the one-hot representation of the categories is mem-
ory exhaustive when the number of categories is huge (e.g., 10,000 categories),
especially on high-resolution images. Besides, some input images only contain
objects from several categories (e.g., one or two). Outputting the full-length
one-hot dense predictions (10,000 categories) is not a resource-saving option. A
possible alternative could be a two-step solution: “detection + segmentation”,
in which a bounding box and category of the certain object can be predicted
first. The segmentation process can then be conducted in a dichotomous way
within the bounding box region by producing a single-channel probability map
(e.g., similar to Mask R-CNN [24]. However, Mask R-CNN still uses the one-hot
representation in the segmentation step).

Moreover, many practical applications, such as image editing, art design,
shape from silhouette, robot manipulation, are usually category-agnostic, where
the applications require highly accurate segmentation results of certain objects
regardless of their categories. Different from the images of complex scenarios
in semantic [36] or panoptic [77] segmentation, the images in these applications
usually contain one or a few objects with very high resolutions, less occlusions. To
this end, many related tasks have been proposed, such as salient object detection
(SOD) [9138,/441581/61,64./66], salient object in clutter (SOC) |14], high-resolution
salient object detection (HRS) [68], camouflaged object detection (COD) [17}29,
54], thin object segmentation (TOS) [34], meticulous object segmentation (MOS)
[65], video object segmentation (VOS) [48], class-agnostic very high-resolution
segmentation (VHRS) [8], etc. Most of these tasks try to solve dichotomous
segmentation problems on images which are sharing specific characteristics. The
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(b) Artistic figure based the background removed image

Fig.1: Demo application: artistic figure generated based on a sample of our
DIS5K dataset.
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exclusive mechanisms for certain tasks are barely used so that their problem
formulations are almost the same, which means most of these tasks are data-
dependent. Simply combining these tasks by merging their datasets is not a
decent option because these tasks’ image resolutions and labeling qualities are
diversified.

Considering these facts, we re-formulate a new category-agnostic dichoto-
mous segmentation task, highly accurate Dichotomous Image Segmentation (DIS),
where achieving highly accurate segmentation results of objects with diversified
shapes and structures is the key concern.

1.2 Datasets

Datasets are the basis of most computer vision tasks. In the past decades, many
segmentation datasets for related tasks have been created. For example, se-
mantic (PASCAL-VOC [13]|, MS-COCO [36]) and panoptic (Cityscapes [10],
ADE20K [77]) segmentation (SMS) datasets usually contain large number of
images with multiple objects from different categories in each of them. But they
either have low geometrical labeling accuracy or relatively small resolutions,
where details of objects are hard to be included and segmented. The entity
segmentation (ES) [49] datasets proposed for class-agnostic segmentation has
similar issues. Images in the salient object detection (SOD) [9./33}/44L58./66] and
camouflaged object detection (COD) [17] datasets are usually low-resolution
ones, which contains objects with simple structures. The high-resolution salient
object detection (HRS) [48,68] datasets have higher resolution, but they are built
upon images with objects of simple structures similar to that in SOD and COD
datasets. The meticulous object segmentation (MOS) [65] and thin object seg-
mentation (TOS) [34] datasets show competitive resolution and object structure
complexity characteristics. However, MOS is too small to enable thorough train-
ing and comprehensive evaluation, while the TOS dataset is built with synthetic
images. Therefore, there is a need for a new extendable large-scale dataset built
upon the high-resolution images with diversified object structure complezities
and highly accurate labeling.

1.3 Existing Models

Models are the cores of vision tasks. Currently, deep models are the most popular
solutions for most of the segmentation tasks. Many different deep architectures
have been proposed to achieve better performance, such as FCN-based [39] fea-
ture aggregation models [5125/41/5762,/69){70l75], Encoder-Decoder architectures
[2,/6],50,/53], Coarse-to-Fine (or Predict-Refine) models [8,(11}35}[51}56}[59%/60],
Vision Transformers [37}/76], etc. Besides, many real-time models [18,/27,/31}|45,
461|67),72] are developed to balance the performance and time costs. To achieve
highly accurate results in our DIS, the models are expected to capture fine de-
tails (and complicated structures) and large components of the diversified objects
from large-size (e.g., 2K, 4K or even larger) images with affordable memory, com-
putation and time costs. These requirements are very challenging to the existing
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segmentation models. Therefore, more effective, more efficient, and more stable
models are needed.

1.4 Over-fitting vs. Regularization

Most deep segmentation models can fit the training sets very well (training ac-
curacy close to 100%) while having different performances on the testing sets.
To the best of our knowledge, there could be two main reasons. On one hand,
the “distributions” between the training, validation, and testing sets are not
guaranteed to be the same, which leads to performance degradation of almost
all the models on testing sets. On the other hand, different model architectures
have diversified capabilities of feature representations, which means they are
more likely to fit the training sets in very different ways, namely, transform-
ing the input images into other high-dimensional spaces. Most of the works are
following this direction to develop more representative architectures. However,
there lacks an effective way to measure the representation capabilities of these
architectures before testing, so the model design is usually conducted by trial
and error. Hence, some researchers turn to search for different ways for reducing
over-fitting. Different supervision strategies, such as weights regularization [22],
dropout [55], dense (deep) supervision [30,50,63], hybrid loss [40L[51L|74] and so
on, have been proposed. The dense (deep) supervision [30150,/63], which imposes
ground truth supervisions on the side outputs from several of the deep interme-
diate layers, is one of the most popular ways. However, transforming the deep
intermediate features (multi-channel) into the side outputs (single-channel) in
dichotomous image segmentation (DIS) is essentially a dimension reduction op-
eration, which leads to information losses, so that weaken the supervisions. In
this paper, instead of developing more complicated deep architectures, we follow
the dense supervision idea but develop a simple yet more effective supervision
strategy, intermediate supervision, to directly enforce the supervisions on
high-dimensional intermediate deep features in addition to the side outputs.

1.5 Evaluation Metrics

The evaluation strategies and metrics are expected to provide comprehensive and
practically meaningful evaluations to analyze the prediction qualities. Currently,
many evaluation metrics, such as IoU, boundary IoU [7], F-measure |1, boundary
F-measure [12}/51], boundary displacement error (BDE) |20], boundary IoU [7],
structural measure (Sp,) [15], Mean Absolute Error (M) [47], and so on, are
usually defined based on consistencies (or inconsistencies) between the model
predictions and the ground truth. Most of them are usually biased to certain
types of structures. For example, IoU and F-measure mainly rely on the object
components with large areas while neglecting the fine details with relatively small
areas. To alleviate this issue, boundary F-measure, BDE, and boundary IoU are
developed to focus on the boundary quality. However, these boundary-based
metrics are often highly dependent on those long smooth boundary segments’
qualities while failing to describe the qualities of those short jagged boundary
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Fig. 2: GT masks of our DIS5K with diversified inter-categorical complexities. The
complexity relationships are only valid within each row or column.

segments. Besides, the above metrics are mostly defined from the mathematical
or cognitive perspective; none of them are able to reflect the barriers (or costs)
of applying the predictions in real-world applications, where certain accuracy
requirements have to be satisfied. To address these issues, we propose a novel
metric, named as human correction efforts (HCE), to measure the barriers by
approximating the human efforts for correcting the faulty regions of the model
predictions.

2 More Details of DIS5K Dataset

2.1 Overall Complexity Analysis

The metrics used for evaluation the dataset complexities are all computed on
the labeled GT masks and illustrated in Tab. 1 (in main manuscript) and Fig.
2-left (in main manuscript). It shows that DIS5K is around 20 (up to 50) times
more complicated than the SOD datasets in terms of average I PQ. Although
other datasets such as CHAMELEON, COD10K, BIG, COIFT, and ThinOb-
jectbK have higher average I P(@) against the SOD datasets, they are still much
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Fig. 3: Number of images per-category and per-group.

less complex than ours. The HR-SOD and HR-DAVIS-S datasets contain large-
size images with accurately labeled boundaries. However, there are no significant
differences between their 1PQ and that of SOD datasets. Because I PQ is in-
sensitive to the complexities of fine details as mentioned above. The average
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contour-level complexities C),qp, of different datasets are almost consistent with
their I PQ. The average C,,,,, and its standard deviation of DIS5K are over 100
and 400, which are much higher than other datasets. This indicates the objects in
DIS5K contain more detailed structures that are comprised of multiple contours.
The average P,,,m of DIS5K is over 1400, which is almost five and three times
greater than those of HR-SOD and the synthetic ThinObject5K, respectively.
There is an interesting observation that the P, of HR-SOD, HR-DAVIS-S,
BIG, and ThinObjectbK are not proportional to their IPQ and C,ym, but it
shows positive correlations with their image dimensions. One of the reasons is
that most of the objects in these datasets are close to convex and comprised of
single or a few contours, which leads to low I PQ and C)qm,. Nevertheless, their
boundaries (e.g., small jagged segments) are accurately labeled in high-resolution
images that significantly increase the P,y.,. On the other hand, larger sizes of
GT masks often directly lead to greater P, because the dominant points are
searched by [52], which filters out redundant boundary points based on their de-
viation distances (epsilon) against the straight lines constructed by their neigh-
boring dominant points. For example, given two objects with the same shape
comprised of smooth boundaries but different sizes, more dominant points are
generated from the larger one with the same threshold of epsilon. That means
Ppum is determined by both the boundary complexity and the GT mask di-
mension. Therefore, these three complexity measurements are complementary
to provide a comprehensive analysis of the object complexities.The large stan-
dard deviations in Tab. 1 (main manuscript) demonstrate the great diversities
of DIS5K from different perspectives.

In Fig[2] we provide the sample masks with their complexity scores in DIS5K.
The bottom-left samples with large regional components have relatively low
IPQ@), and the top-right samples with more thin and complicated fine structures
have much higher IPQ and Py, .

2.2 Per-category and per-group statistics

Fig. [3|illustrates the number of images per-category and per-group. Our DIS5K
contains 5,470 images from 225 categories divided into 22 groups. The average
numbers of images per category and per group are around 24 and 249, respec-
tively.

2.3 Typical Samples from DIS5K

Fig. 4] shows some samples from our DIS5K, which have certain characteristics
similar to that of the existing dichotomous segmentation tasks, such as salient
object detection (SOD) [58], salient object in clutter (SOC) [14], camouflaged
object detection (COD) [17], thin object segmentation (TOS) [34], meticulous
object segmentation (MOS) [65]. It is worth mentioning that “salient object”,
“salient object in clutter” and “camouflaged object” are mainly defined based
on the contrast between foreground targets and background environments. In
comparison, “thin object” and “meticulous object” are based on the geometric
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Fig. 4: Sample images and ground truth masks with objects of certain characteristics.

structure complexities of the foreground targets. Therefore, the first three types
of objects and the last two types of targets are not exclusive. For example, the
basket in Fig. 4| (a) and the shrimp in Fig. [4] (¢) can also be taken as meticulous
because the basket has many holes and the shrimp has jagged boundaries. Be-
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sides, the boundaries among SOD, SOC, and COD and the boundaries between
TOS and MOS are blurring. There are some overlaps between them in terms
of data samples. Our DIS5K contains all the above types of images paired with
highly-accurate ground truth masks.

2.4 Object Structure Analysis

In addition to the above mentioned image characteristics, there are also some
interesting observations on object structures from our DIS5K, as shown in Fig.
Intra-category structure similarity. As shown in Fig. [5| (a) and (b), the
objects in the same categories are usually showing the same or similar struc-
tures and shapes. We call this intra-category structure similarity, which is one
of the main cues for categorizing. However, the intra-category structure simi-
larity is not always guaranteed. Fig. [5[ (¢) and (d) show two typical examples
against that in different magnitudes. Fig. [5| (c) illustrates some bicycles with
variant structures. Their differences are mainly caused by components absence
(out-of-view imaging, incomplete architecture), variations on the design, view
angle changes, co-existence of multiple targets, etc. Although the structures of
these bicycles are different, they are still sharing some common features, such
as wheels, frames, etc. However, objects in some other categories may share no
structure similarities. For example, the sculptures in Fig. [5| (d) show very differ-
ent structures and shapes, which indicates low intra-category similarity. Because
artists or designers usually prefer to design unique architectures, which leads to
very diversified object appearances and structures. Besides, compared against
the relatively stable shapes and structures of the natural targets (e.g., animals,
plants), the structures of these human-created objects, which play vital roles
in the human-environment interaction of our daily lives, are updated very fast,
which further magnifies the challenges in the DIS task. These intra-category dis-
similarities significantly increase the difficulty of accurate segmentation and lead
to robustness risks.
Inter-category structure similarity. In contrary to the low intra-category
similarity, there also exist some categories that have high inter-category struc-
ture similarity. Fig. 5| (e) shows some targets from different categories, such as
crack, lightning, cable, rope, pipe and so on. These targets are mainly comprised
of thin and elongated components. For example, the shapes of the crack and the
lightning are very close to each other so that they are hard to be differentiated
without showing the RGB images. The cable, rope, and pipe are also comprised
of thin and elongated components with relatively smoother boundaries. Besides
other targets like roads and rivers in satellite images, vessels in medical images
also have similar structural characteristics to those mentioned above. The inter-
category structure similarities haven’t been thoroughly studied, which could be
promising directions for exploring the models’ explain-abilities and data aug-
mentation strategies.

Our DIS5K dataset provides relatively richer samples for studying the intra-
category and inter-category similarities and dissimilarities. More qualitative and
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quantitative studies will be helpful to diversified vision tasks, such as image
(shape) classification, segmentation, etc.

2.5 Attributes of Subsets in DIS5K

Tab. [illustrates the essential attributes of the subsets of our DIS5K dataset. As
seen, the image dimensions of these subsets are close to each other. At the same
time, the complexities of the four testing subsets are in ascending order. Fig. [0]
shows the qualitative comparisons of the structural complexities of our four
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Table 1: Image dimension and object complexity of the subsets of DIS5K. o(.y is the
standard deviation of the corresponding index.

Task ‘ Dataset H Number ‘ Image Dimension ‘ Object Complexity
Tnum H+ou W+ ow D+op 1PQ +01pq Cum £ 00 Prum +0p
DIS5K 5470 | 2513.37 4 1053.40 3111.44 + 1359.51  4041.93 + 1618.26 | 107.60 + 320.69 106.84 + 436.88  1427.82 + 3326.72
DIS-TR 3000 | 2514.15 + 1052.45 3001.23 + 1356.92 4028.09 + 161245 | 69.32 + 261.98  73.99 & 367.81  1153.05 + 2893.36
DI§ | DIS-VD 470 | 247259 + 96343  3102.85 + 1308.72  4006.49 + 1526.56 | 156.85 + 349.75  163.91 + 650.42 1954.73 + 5119.89
DIS-TEL 500 | 2240.35 + 109292  2678.50 + 1291.11  3535.32 + 1598.89 |  27.13 & 29.07 6.94 + 6.37 237.48 + 96.27
DIS-TE2 500 | 2402.09 + 1047.89 303225 + 1208.45 3904.03 + 1583.39 |  50.79 + 69.85  21.20 + 16.30  583.04 £ 120.90
DIS-TE3 500 | 2507.15 + 988.88 3336.51 &+ 1339.10 4263.78 + 1571.21 | 92.68 + 118.99  60.96 + 40.32  1190.93 + 255.00
DIS-TE4 500 | 2847.55 + 1069.37 3527.81 + 1412.89  4580.93 + 1645.86 | 443.32 + G67.01  482.98 + 843.50 4858.80 + 5G18.87

testing subsets, DIS-T1~DIS-TE4. Their structure complexities in ascending
order can be visually perceived.

3 More Details of Experiments
3.1 Implementation details

Our models and other baseline models are trained with our DIS-TR (3,000 im-
ages) and validated on DIS-VD (470 images). The input size of our model is set
to 1024 x 1024. It is worth noting that there are many large-size images in our
dataset so that the image loading operations in the training and validation are
very time-consuming. To address this issue and boost the speed of training and
validation, we resize all the input images and their corresponding ground truth
to 1024 x 1024 off-line and store them as Pytorch tensor files on the hard disk
drive. Although this strategy requires relatively more storage space, it dramat-
ically reduces the time costs for the data loading process in the training and
validation stages. Our training process consists of two training stages: (i) the
training stage of the ground truth encoder and (ii) the training stage of the im-
age segmentation component. In both training stages, these three-channel inputs
(GT masks are repeated to have three channels) are normalized to [-0.5, 0.5] and
only augmented with horizontal flipping. The models weights are initialized by
Xavier |21] and optimized with Adam [28] optimizer with the default settings
(initial learning rate Ir=1e-3, betas=(0.9, 0.999), eps=1e-8, weight decay=0) for
both the ground truth encoder and the segmentation component. The batch size
of each training step is set to eight, and the validation on DIS-VD is conducted
every 1,000 iterations. If the validation results (in terms of maxF and M) are
improved, the hard disk drive saves the model weights. It is worth mentioning
that the loss weights of the dense supervision in the ground truth encoder train-
ing and intermediate supervision of the segmentation component training are all
set to 1.0.

According to our experiments, the training process of our ground truth en-
coder is easy to converge, and it usually takes only 1,000 iterations (stop training
when the valid maxF is greater than 0.99). While the segmentation component
of our model usually converges after around 100k iterations, and the whole train-
ing process takes less than 48 hours. Besides, all the models are implemented
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using Pytorch 1.8.0. Some experiments are conducted on a desktop that has a
2.9 GHz CPU (128 cores AMD Ryzen Threadripper 3990X), 256 GB RAM and a
NVIDIA RTX A6000 GPU. Some other models are trained on NVIDIA TESLA
V100 GPU (32 GB).

3.2 More Analysis of the Experimental Results

Performance comparisons among different models. As shown in Tab. 2
in the main manuscript, our model achieves the most competitive performance
against other existing models in terms of almost all the evaluation metrics on
different datasets. Among the dichotomous segmentation models, U-Net [53],
BASNet [51], U2-Net [50] and PFNet [43] performs relatively better against other
SOD and COD models. Among the semantic segmentation and real-time seman-
tic segmentation models, the results of HRNet [57] and HyperSeg-M [45] show
more competitive performance. Among all the existing models, the performance
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Table 2: PART-I: Quantitative evaluation on our validation, DIS-VD, and test
sets, DIS-TE (1-4), based on groups. ResNet18=R-18. ResNet34=R-34. ResNet50=R-
50. Res2Net50=R2-50. DeepLab-V34+=DLV3+. BiseNetV1=BSV1. STDC813=S-813.
EffiNetB1=E-B1. MobileNetV3-Large=MBV3. HyperSeg-M= HySM

Dataset Metric L\Iet BASNet (JateNet F°Net GCPANet U’Net |SINetV2 l"l"Nel l"SPNet DLV3+ HRNet BSV Ours
2 mazFg 1| 0.680 0.735 0.677 0.700 0.749 0.684 0.703 0.701 0.659 0.733 0.723 . . 0.788
‘n Fg” 11 0.576 0.641 0.572 0.608 0.658 0.606 0.619 0.614 0.565 0.652 0.651  0.631 0.657 [0.716
— g M |]|0.133 0.109 0.130 0.121 0.110 0.124 0.117 0.116 0.131 0.108 0.115 0.106 [0.093
g Sa 1/0.714 0.746 0.700 0.721 0.757 0.720 0.730 0.725 0.694 0.742  0.734  0.767 [0.788
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of HyperSeg-M and U?-Net are close and perform better than other models in
both validation and testing sets. Although HRNet and BASNet show slightly
inferior performance against HyperSeg-M and U2-Net, they are still more com-
petitive than others. Fig. [7] provides the qualitative comparisons of our model
and other four competitive baseline models. As can be seen, our model achieves
the best overall performance on different objects. Surprisingly, other models like
U2-Net, HyperSeg-M, and HRNet also obtain encouraging results on certain
targets, such as the tree, the gate and the shopping cart, after training on our
DIS-TR dataset, which further proves the value of DIS5K.
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Table 3: PART-II: Quantitative evaluation on our validation, DIS-VD, and test
sets, DIS-TE (1-4), based on groups. ResNet18=R-18. ResNet34=R-34. ResNet50=R-
50. Res2Net50=R2-50. DeepLab-V3+=DLV3+. BiseNetV1=BSV1. STDC813=S-813.
EffiNetB1=E-B1. MobileNetV3-Large=MBV3. HyperSeg-M=HySM.

Dataset Metric UNet BASN(\L G'm.Nu. F‘Net GCPANet U I\et SINetV2 PFNet [PSPNet DLV 3+ HRNet [BSV1 ICNet MBV3 HySM
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g

Performance comparisons among different test sets. performance analy-
sis based on the targets’ complexities for demonstrating the importance of our
newly proposed HCE, | metric. As shown in Tab. 2 in the main manuscript,
our model achieves different performances on the four testing sets, obtained by
ordering (ascending) and splitting the whole test set according to the structural
complexities of the to-be-segmented objects. However, except for our newly pro-
posed HCE,, |, other metrics, such as maxFg T, Fgt, M, S, T and EZ T,
of DIS-TE1, DIS-TE2, DIS-TE3, and DIS-TE4 show no strong (negative or pos-
itive) correlations with respect to the shape complexities. For example, M of
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Fig. 8: Curves of the training loss computed on the last prediction probability map
and the Mean Absolute Error (M) on our validation set (DIS-VD).

our model on these DIS-TE1 (0.074) and DIS-TE4 (0.072) are very close. The
mazkg T, Fg 1, S. T and EZ 1 of DIS-TE4 are even greater than those of DIS-
TE1, which probably provides misleading information that DIS-TE4 is less chal-
lenging than DIS-TE1. On the contrary, the HCE, | of our model on DIS-TE1
and DIS-TE4 are 149 and 2,888, respectively. That indicates the cost for correct-
ing the predictions of DIS-TE4 is around 20 times more than that of correcting
predictions on DIS-TE1, which is consistent with the complexities illustrated in
Tab. [1} It means our HCE,, | can correctly describe the correlations between
prediction quality and the shape complexities. Thus, it can assess the human
interventions needed when applying the models to real-world applications. We
can get similar observations from the evaluation scores of other models on differ-
ent test sets, which further proves the importance of our HCE,, | in evaluating
highly accurate dichotomous image segmentation results. It is worth noting that
the weak correlations between the conventional metrics and the shape complexi-
ties of different test sets are partial because image context complexity also plays
a vital role in determining the segmentation difficulties. But this factor is hard to
be quantified and has relatively less impact on the labeling workloads. Therefore,
it is not considered in this work and will be studied in the future. In addition,
performance comparisons of different models based on different groups are illus-
trated in Tab. [2] and [3] from which the per-group segmentation difficulties and
performance can be found.

Effectiveness of Our Intermediate Supervision To further demonstrate
the effectiveness of our intermediate supervision, we show the training loss and
validation mean absolute error M | curves of our adapted U2-Net with and
without our intermediate supervisions in Fig[8] The top part of Fig[§| shows
the training loss of the last side output, which is taken as the final result in
the inference stage. As can be seen, the models with intermediate supervisions
converge faster before around 10,000 iterations. Later, the model without inter-
mediate supervisions gradually produces a lower loss. These curves demonstrate
that our intermediate supervision plays a typical role of regularizer for reducing
the probability of over-fitting. The bottom plot of Figl§|shows that our interme-
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Fig.9: 3D models built upon the ground truth masks sampled from DIS5K by the
“Extrude” operation in Blender.

diate supervision significantly decreases the M | on the validation set, which
validates its effectiveness in performance improvement.

4 Applications

Our DIS task will benefit both academia and industrious. In addition to the DIS
task, we believe that our highly accurate large-scale DIS5K dataset can also be
used in various related research fields, such as:

— providing pre-trained segmentation models for other specific object segmen-
tation tasks as well as facilitating the downstream tasks, such as image mat-
ting, editing, and so on;

— the subsets of DIS5K can be used for fast prototyping of different segmen-
tation tasks;

— providing materials and examples for shape and structure analysis in graph-
ics and topology;

— high resolution fine-grained image classification;

— segmentation guided super-resolution and image processing;

— synthesizing more composite images with diversified backgrounds for more
robust image segmentation;

— edge, boundary or contour detection, etc.

Thanks to the high resolution and accurate labeling, many samples in our
DIS5K show high artistic and aesthetic values. Fig. [I] shows the comparison
between the original ship image with cluttered background and the background-
removed image with perspective transforms (See more samples in Fig. . As
can be seen, compared with the original image, the background-removed image
shows higher aesthetic values and good usability, which can even be directly used
as:
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Fig. 10: Comparisons between the original images and their backgrounds-removed cor-
respondences generated from our DIS5K.
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Fig. 11: Typical failure cases.

— materials of art design, image and video editing;
— backgrounds of posters or slides, wall papers of cellphones, tablets, desktops;
— materials for 3D modeling, as shown in Fig.[9] (A demo video is also attached).

5 Limitations and Future Works

Failure Cases of Our Model. Figl[TT] shows some typical failure cases of our
model. The first row shows the result of a sail ship image. Our model fails in
segment two of the masts and the ropes because this region has a cluttered back-
ground (a building). The second row shows the segmentation result of a baby
carriage. Our model fails in segmenting the mesh-like structure of the carriage
since it is too meticulous (just one-pixel width), so that it is hard to be seg-
mented by our model from the input images with the size of 1024 x 1024. The
third row illustrates the segmentation result of a key chain with a cluttered back-
ground. As can be seen, the color differences between the critical chain and the
background are small, which significantly increases the difficulty of the segmen-
tation. In summary, the highly accurate DIS is a highly challenging task. There
is still a large room for improvement. Therefore, more powerful deep segmenta-
tion models are needed to handle larger size input for obtaining very detailed
object structures. In contrast, the model size, memory occupation, training, and
inference time costs are expected to be affordable on the mainstream GPUs.

Limitations of Our DIS5K dataset. Although our DIS5K is currently the
most complex dichotomous segmentation dataset, there is still a large room for
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improvement. For example, compared with the vast number of categories and the
diversified general object classes in the real-world, 225 categories in our DIS5K
dataset are far from enough. Therefore, more categories, more samples of specific
categories, and more diversified image qualities are needed to further improve the
diversity of this dataset. Besides, semi-automatic and highly accurate annotation
tools are expected to simplify and boost the ground truth labeling processes. We
will explore semi-supervised and weakly supervised methods for further reducing
the labeling workloads. In addition, it also requires a set of standard criteria to
control the labeling accuracy.

Limitations of Our HCE metric. Our HCE metric provides direct mea-
sures of the human correction efforts needed for fixing faulty predictions under
certain accuracy requirements. To leverage different accuracy requirements, the
erosion [23] and dilation [23] operations are used to remove small false positive
and false negative regions, while the skeleton extraction algorithm [71] is used
to preserve the structural information of the thin components in the ground
truth masks. However, the skeleton extraction algorithm is slow when process-
ing the large-size masks. Therefore, the evaluation of large-scale datasets takes a
long time. This issue also happens when computing the weighted F-measure [42],
which uses a distance transform algorithm [3}19] to calculate the weights. There-
fore, more works need to be conducted on these conventional algorithms, such
as skeleton extraction, distance transform, etc., to handle larger and more com-
plicated inputs.
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