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ABSTRACT
Objects with thin structures remain challenging for current im-
age segmentation techniques. Their outputs often do well in the
main body but with thin parts unsatisfactory. In practical use, they
inevitably need post-processing. However, repairing them is time-
consuming and laborious, either in professional editing applica-
tions (e.g., PhotoShop) or by current interactive image segmentation
methods (e.g., by click, scribble, and polygon). To refine the thin
parts for unsatisfactory pre-segmentation, we propose an efficient
interaction mode, where users only need to draw a line across the
mislabeled thin part like cutting with a knife. This low-stress and
intuitive action does not require the user to aim deliberately, and
is friendly when using the mouse, touchpad, and mobile devices.
Additionally, the line segment provides a contrasting prior because
it passes through both the foreground and background regions and
there must be thin part pixels on it. Based on the interaction idea,
we propose KnifeCut, which offers the users two results, where
one only focuses on the target thin part and the other provides the
refinements for all thin parts that share similar features with the
target one. To our best knowledge, KnifeCut is the first method to
solve interactive thin structure refinement pertinently. Extensive
experiments and visualized results further demonstrate its friendli-
ness, convenience, and effectiveness. The project page is available
on http://mmcheng.net/knifecut/.

CCS CONCEPTS
• Human-centered computing→ Human computer interac-
tion (HCI); Interaction design process and methods; • Com-
puting methodologies→ Artificial intelligence.
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1 INTRODUCTION
In the real world, many kinds of objects possess thin structures,
such as railing, nets, and twigs. Current image segmentation meth-
ods often fail when processing these thin parts. In most cases, their
output segmentation does well in the main body but achieves un-
satisfactory results for the thin parts. Therefore, when requiring
high-precision results, manual guided post-processing is inevitably
introduced. People usually adopt professional image processing
tools (e.g., PhotoShop) or popular interactive segmentation tech-
nology [5, 24, 28, 38] to refine thin parts.

However, current interaction modes, e.g., brush, click, and poly-
gon, cannot handle thin parts efficiently. As shown in the top row
of Fig. 1, marking the boundary by the polygon or painting the
whole leg with the brush can be time-consuming and laborious.
Click-based methods reduce the annotation complexity to some ex-
tent, but putting the positive points on the leg and negative points
next to the leg is also a burden.

In this paper, to efficiently refine thin structures, we introduce
a fast and low-pressure interaction mode, by which the user only
needs to draw an intersecting line through the mislabeled pixels
like cutting with a knife. As shown in Fig. 1, the action of cutting
on the mislabeled leg is intuitive and quick. Fig. 2 shows more
specific examples. The proposed cutting action can be done in an
instant whether it is on a miss-segmented umbrella and racket,
or over-segmented claws and net; while processing these cases is
unimaginable for the previous interactions that need to carefully
aim at the foreground and boundaries. Additionally, the cutting line
provides a contrasting prior because there are both foreground and
background contents on it and there must be thin part pixels on it.

Based on the proposed interaction idea, we further design a
framework named KnifeCut. As shown in Fig. 1, KnifeCut aims
to obtain local refinement containing the target ant’s leg and the
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Figure 1: Illustration of KnifeCut and comparison with other
refinement interactions. Top: Other refinement interactions,
e.g., based on click, polygon, and brush, are inefficient when
dealing with thin parts. Bottom: With KnifeCut, the user can
draw a line through the thin part for refinement like cutting
off it by a knife. KnifeCut offers the user two results: one is
the target thin part, and the other is all relevant ones.

global refinement containing all legs; meanwhile, maintains a well-
segmented body without perceptible change. Specifically, our Knife-
Cut first predicts the region of thin part adjacent to the cutting line,
and then utilizes its corresponding features to activate all relevant
thin parts by similarity proxy. With cutting line priors and acti-
vated similarity maps, KnifeCut estimates local and global thin part
scopes. It utilizes these estimated maps to further predict local and
global thin part refinements in two branches, while avoiding the
impact on the body. In addition, the user can select either of the
two refinement results, where the local branch only focuses on the
target thin part, and the global one refines all relevant thin parts.

The contributions can be summarized as follows:
• We propose an efficient interaction mode for thin part seg-
mentation refinement, which just requires drawing one line
through the poor-segmented regions like cutting.

• Based on the interactive idea, we propose KnifeCut, which
provides both refinements from the local and global view
according to the interaction.

• To our best knowledge, KnifeCut is the first method designed
for interactive thin structure refinement. Extensive experi-
ments further demonstrate its convenience and effectiveness.

2 RELATEDWORK
2.1 Interactive Common Object Segmentation
Most interactive segmentation methods view user interaction, such
as points and scribbles, as constraints of foreground and back-
ground. In the early years, traditional methods combine the con-
straints with low-level features of the image to predict the back-
ground/foreground probability. Rother et al. [37] used Gaussian

mixture models to construct the GraphCut [5] model and solved
it by the min-cut/max-flow algorithm [4]. Li et al. [21] made in-
stant feedback possible by combining graph cut with pre-computed
over-segmentation. Grady et al. [11] assigned each pixel to the
user-defined label most likely to be reached, which is improved by
introducing in a restart simulation in [18]. However, considering
only low-level features and ignoring high-level information make
these methods ineffective in complex environments.

Although there are still some works [17, 41, 42] to further im-
prove traditional methods, deep-learning-based methods fully ex-
ploit the high-level features to utilize the constraints. Xu et al. [43]
proposed the first deep-learning-based method and several ran-
dom point sampling strategies which become standard protocol in
this field. Some works focus on the design of network architecture.
Zhao et al. [47] used the interactive scribble to train models for
both region and boundary domains and made convex inferences
to get the final results. Hu et al. [13] proposed a two-stream fusion
network to decouple images and interaction. As for guidance maps,
Majumder et al. [31] made use of user clicks to generate content-
aware guidance maps. Lin et al. [27] emphasized the critical role of
the first click and took it as special guidance. In order to force every
interacted pixel to be segmented correctly, Jang et al. [15] proposed
BRS, which is improved by f-BRS [38]. Kontogianni et al. [19] made
continuous adaptation to the model parameters by learning from
user correction. Lin et al. [29] further used more information in the
annotating process. Since user interaction has ambiguity inevitably,
some research [22, 25] has been carried out to tackle this problem.
To fully exploit user interaction and better combine local and global
features, Liew et al. [23] developed RIS-Net to capture the informa-
tion around each click pair for further refinement. Chen et al. [8]
introduced in non-local method to propagate information from
clicked points to target regions properly. Lin et al. [26] introduced
the focus view to exploit each click’s surrounding information.

While most research is conducted with annotation for back-
ground and foreground, multiple interaction modes have also been
explored in this task. Mortensen et al. [35] proposed intelligent scis-
sors to extract objects using simple gesture motions with a mouse.
Castrejon et al. [6] took an image crop as input and produced ver-
tices of the polygon outlining the object in a recurrent manner,
which is improved by Polygon-RNN++ [1]. With the same input
method, Ling et al. [30] used a graph convolutional network to
predict all vertices simultaneously. Jain et al. [14] and Le et al. [20]
adopted boundary clicks as interaction. There are also some works
combining different interaction modes to achieve better effects,
such as the bounding box and clicks [3, 45]. The extreme points
have been proved effective for common objects [32], objects with
thin structures [24], and the full image [2].

2.2 Interactive Thin Object Segmentation
Interactive segmentation for the thin objects has already been stud-
ied for a long time. Vicente et al. [39] imposed additional connec-
tivity prior to graph cut [5] to tackle this task. Jegelka et al. [16]
introduced a discount for homogeneous boundaries in segmenta-
tion for images with thin objects. Mansilla et al. [33, 34] proposed
COIFT which incorporates the connectivity constraint in OIFT to
improve the segmentation of thin objects. Dong et al. [10] designed
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a new sub-Markov random walk algorithm with a label prior to
solve this problem. Liew et al. [24] proposed TOS-Net using ex-
treme points as interaction, along with a large-scale dataset for this
task named ThinObject-5K. However, this method is incapable of
handling the refinement jobs for thin objects in practical use. In
order to solve the problem and based on our interactive idea, we
propose our KnifeCut, which provides the refinement for thin parts
on the pre-segmentation mask with little impact on the body part.

3 PROPOSED INTERACTION
3.1 Interaction Introduction
For a better explanation for the following parts, we define some
symbols here. Let G represent the ground truth of image I. By using
the same strategy in [24], we can extract the ground truth of thin
parts Gthin from G. Thus, the ground truth of the non-thin part
Gnon-thin can be obtained by Gnon-thin = G − Gthin.

We denote the pre-segmentation obtained by segmentationmeth-
ods as P′. Compared with G, P′ usually achieves overall good per-
formance with high IoU scores. However, these methods often fail
to process the object with thin parts, which is hard to be reflected by
IoU score because thin pixels are too few. As Fig. 2 shows, P′ mainly
encounters the following two situations regarding thin structures:
1)Miss segmentation: the details, even the whole region, of the
thin part are missing, e.g., the beach umbrella and tennis racket in
Fig. 2 (a-b). 2) Over segmentation: the thin parts stay too dense to
be separated, with background in the gaps included, e.g., the claws
and the net in Fig. 2 (c-d).

In order to overcome this problem, we provide an efficient re-
finement tool designed specifically for thin parts. Compared with
Gnon-thin, the P′ has already done well; thus we only focus on the
refinement of the thin region with little change to the body segmen-
tation. Considering the above-mentioned complicated situation and
inspired by human behavior, we propose an efficient interaction
mode to serve for refinement. Just as people tend to cut off thin
objects with a knife, the users only need to draw an intersecting
line through the mislabeled region of the thin part. Fig. 2 also shows
the practical examples handled by our method. Whether it is miss-
segmented or over-segmented, the interaction can be done without
consideration and effort.

Besides its convenience and efficiency, the cutting line also con-
tains information that other interaction methods cannot provide.
Because there are both background and foreground contents on it,
the cutting line contains a contrasting prior. Further experiments
in Sec. 5.2 will demonstrate the superiority of our method over the
click-based one when processing thin parts.

3.2 Interaction Simulation
As we all know, even when facing the same image, different users
tend to make different interactions. To make our KnifeCut better
adapt to this, we need various interactions for training. Since col-
lecting them from real users is too expensive and impractical, we
thus design a simulation algorithm to mimic the user and generate
the pairs automatically. In order to avoid overfitting during training,
the simulation algorithm has certain randomness. However, during
testing, we need to make sure of the fairness of each test and cater
to users’ operating habits. Thus, we make a little change to the

(a) (b)

(c) (d)

Figure 2: Various thin situations handled by the proposed
KnifeCut. (a) The beach umbrella has missed a part along
the handle. (b) The net of the tennis racket has not been
segmented out. (c) The claws are not segmented finely. (d)
The net is segmented including the background in the gaps.

simulation algorithm under the assumption that the user cuts the
largest error region approximately perpendicular to the skeleton.
The details of the simulation algorithm are as follows.
Step 1: Among all thin parts in an image, users tend to firstly refine
the worst pre-segmented one, thus we need to evaluate their current
qualities. For simplicity, we assume that each component on Gthin
can be viewed as one thin part, which is denoted as T. Following
[24], we first set a threshold 𝜏 , which is defined as

𝜏 = 10 × max(𝐻box,𝑊box)
300

, (1)

where the𝐻box and𝑊box denote the height and width of the bound-
ing box enclosing the object. We use 𝑑 (p1, p2) to represent the Eu-
clidean distance between points p1 and p2. Given a ground truth
G ∈ {0, 1}𝐻×𝑊 , where 𝐻 and𝑊 denote height and width, we use
the function 𝜙 (p,G) to calculate the distance transform as follows,

𝜙 (p,G) = min
∀{q |Gq=1}

𝑑 (p, q), (2)

whereGq refers to the value ofG at pixel location q. So the expanded
region E, which is also used as the evaluation mask, for each thin
part can be formulated by

E𝑖 = {p : (𝜙 (p,T𝑖 ) ≤ 𝜏) ∧ ((Gnon-thin)p = 0)}, (3)

where T𝑖 and E𝑖 mean the 𝑖-th thin part and the corresponding
expanded region. As shown in Fig. 3 (2), the expanded region E is
indicated by a white borderline.
Step 2:We calculate the number N𝑖 of wrong pixels for T𝑖 :

N𝑖 =
∑︁

( |P′ − G| × E𝑖 ), (4)

where × means the element-wise multiplication. For training, we
will randomly select the thin part for interaction, where the random
probability is proportional to N𝑖 . However, during testing, the thin
part with the most error pixels will be selected for later steps. Fig. 3
(2-3) show an example of this process.
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distance map calculate median point skeleton of thin part cutting line
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error region 

pre-segmentation 

Figure 3: Visualized steps of our simulation algorithm during testing. (1) The pre-segmentation, non-thin region, and thin
region are presented. (2) The expanded region of the thin parts is indicated by a white borderline. After counting the error
pixels in each expanded region, the thin part with most error pixels will be selected. (3) Calculate the distance map where each
pixel value corresponds to the distance sum to other points, then find the median point in the error region. (4) First extract the
skeleton of the thin part, and then use the closest skeleton point to the median point as the anchor point. Based on the anchor
point, make a vertical line of the skeleton. (5) Adopt the largest component of the error region to make the cutting line. Both
ends will be extended by the same length on the thin part. The final effect is shown in the figure.

Step 3: For the selected thin part, we want the line to pass through
the error region. Thus, we first calculate the error region, which is
indicated in purple in Fig. 3. For training, we will randomly sample
a point m in the error area. But during testing, we will select the
largest component of the error area, which is denoted as C. The
point m will be located at the median point of C, which has the
minimum distance sum to other points. This can be formulated as

m = argmin
∀{p |Cp=1}

∑︁
Cq=1

𝑑 (p, q). (5)

Fig. 3 (3) shows two examples of distance maps where each pixel
value corresponds to the distance sum to other points.
Step 4: In order to make the line vertical to the thin part, we first
extract the skeleton of the selected thin part and select an anchor
point a on it. The skeleton, which is denoted as K, is extracted
by the algorithm proposed in [46]. Whether in training or testing,
The anchor point a will be selected from the skeleton K with the
shortest distance from the point m, which can be formulated as

a = argmin
∀{p |Kp=1}

𝑑 (p,m). (6)

After determining the anchor point, we then need to select the
angle of the line. During training, to avoid the overfitting during
training, the angle 𝜃 is set randomly within [0, 180◦), by which
the line is rotated clockwise from the positive x-axis. For testing,
we make a vertical line of the skeleton based on the anchor point
a, which tends to pass through the point m. Fig. 3 (4) shows two
examples of the vertical line.
Step 5: With the anchor point a determined and the angle verti-
cal to the skeleton, we can draw the cutting line. We first locate
both ends of the line on the boundary of the thin part. To cater
to users’ operating habits, we give both ends of this line a certain
extension 𝑙 . The initial 𝑙 is the same length as the line on the thin
part. For training, the extension 𝑙 is scaled randomly for two ends
respectively. However, during testing, both ends will be extended

by initial 𝑙 with equal length. Fig. 3 (5) shows the final visualized
result of the simulated line.

4 PROPOSED NETWORK
4.1 Feature Extractor
With the popularity of the deep-learning-based method, classic net-
works are usually adopted to extract the feature of the image. Since
most networks extract the feature through a high-to-low resolution
fashion, the information of thin parts may be lost during the down-
sampling process, resulting in poor segmentation performance for
thin structures. In order to maintain the high-resolution feature
through the whole architecture, we take HRNet [40] as our feature
extractor. The output feature with a resolution of 1

4 will be used as
the feature in KnifeCut, which is denoted as F.

In addition, ResNet [12] is also adopted as our feature extractor
to keep on bar with other interactive segmentation methods. How-
ever, since it extracts the feature through a high-to-low process,
the high-resolution feature output by the first few layers contains
limited high-level representations. Thus, in order to maintain the
feature with the same resolution as HRNet, we construct the similar
architecture of DeepLab v3+ [7]. The feature output by ResNet will
be fed into ASPP and the decoder module; meanwhile its resolution
will be restored to 1

4 . The effects of the feature, extracted by HRNet
and ResNet, will both be presented in Sec. 5.3.

4.2 Thin Similarity Module
Based on the observation that the thin parts of an object usually
share similar features, like the ant’s legs, we design a simple yet
effective module to utilize the similarity information. We first con-
catenate the line mask L and feature F together and feed them into
seven 3 × 3 convolution layers along with batch normalization lay-
ers and ReLU activation functions. Multiplying the output by L, we
can obtain the prediction of the thin part adjacent to the line, which
is denoted as Pline. Using F and prediction Pline, we can obtain the
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Figure 4: The network architecture of KnifeCut. The top part is the thin similarity module, which activates all relevant thin
parts by similarity proxy on the cutting line. The bottom part is the segmentation refinement module with two branches. It first
estimates the local and global refining masks, and then gets the refined results with the help of the two masks. Combining the
refined results and pre-segmentation mask, the network outputs the local and global results. Consult Sec. 4 for more details.

proxy vector 𝒔 for the thin parts, which is defined as

𝒔 =

∑̃ (F × Pline)∑
Pline

, (7)

where
∑̃

means the channel-wise sum operation. Thus, the dimen-
sion of 𝒔 shares the same number as the layers of F. Then we can
obtain the similarity map S by cosine similarity:

Sp =
𝒔 · Fp

∥𝒔∥∥Fp∥
, (8)

where ∥𝒔∥ and ∥Fp∥ mean the norm of 𝒔 and Fp. The Fp refers
to the feature vector of F at pixel location p, which has the same
dimension as 𝒔. The visualized S can be seen in Fig. 4 and Fig. 5.

4.3 Segmentation Refinement Module
Considering different intentions of the users, we equip the seg-
mentation refinement module with two branches. One grasps the
interaction provided by users, providing the refinement only for
the target thin part, while the other utilizes the similarity shared by
thin parts, refining all the thin parts at one time. We first obtain the
distance map D by Dp = 𝜙 (p, L). To utilize the information of the
interaction, the local branch takes the feature F, the similarity map
S and the distance map D as input; while the input of the global
branch excludes D.

With a similar network structure, the concatenated inputs are fed
into the convolution block. Thus we can obtain the refining mask
M for local and global branches respectively. Then we concatenate
the M with the F and feed them into the convolution block, thus

obtaining the prediction results R of the two branches. Since we aim
to refine the results of thin parts based on the prediction P′ obtained
by other methods, we retain the results of P′ for the body part and
only change the parts for thin structures. The final prediction result
P for two branches can be formulated by

Pbranch = Mbranch × Rbranch + (1 −Mbranch) × P′, (9)

where the branch can be local or global.

4.4 Loss Function
As for the binary segmentation tasks, binary cross entropy (BCE)
is usually adopted with weight map W as the loss function, which
can be formulated as:

ℓ (P,G,W) = − 1
𝑁

∑︁
W× (G× log(P) + (1−G) × log(1−P)), (10)

where P means the probability of prediction mask, and G means
the label (0 or 1) of the ground truth. 𝑁 is the total number of
pixels. The weight map is used to force the network to focus on the
segmentation quality of thin parts. In the thin similarity module, we
adopt ℓ (Pline,Gthin, L) to supervise the inline prediction. As for the
refined results in the segmentation refinement module, the weight
map W̃ can be formulated as

W̃branch = 1 − Gnon-thin +Mbranch, (11)

where the branch refers to local or global. For the loss function
to supervise the final output of the two branchs, we adopt the
conventional BCE loss. The ground truth differs from each branch,
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which can be formulated as

G̃branch =

{
P′ × (1 − E∗) + G × E∗, branch = local
P′ × (1 − E) + G × E, branch = global

, (12)

where E∗ means the expanded region for the selected thin part
and E means all the expanded regions. Therefore, the loss for both
branches can be formulated as

Lbranch = ℓ (Rbranch,G, W̃branch) + ℓ (Pbranch, G̃branch,A), (13)

where A refers to the all-one matrix. The total loss function Ltotal
can be formulated as

Ltotal = 𝛼Lline + 𝛽Llocal + 𝛾Lglobal, (14)

where the Llocal and Lglobal are calculated according to Equ. (13)
by assigning branch with local or global. In our experiments,
we impose a hard constraint on the segmentation of the cutting
line. Thus, the 𝛼 , 𝛽 , and 𝛾 are set as 10,1, and 1.

5 EXPERIMENTS
5.1 Settings
Datasets. We adopt the following datasets for our experiments:
◦ ThinObject-5K [24]: The dataset contains 4748, 500, and 500 for
training, validation, and testing respectively. All the images in
the dataset are synthetic by compositing the foreground objects
on the background images. In this paper, we train our model on
the training set and evaluate it on the test set.

◦ HRSOD [44]: The dataset is initially proposed for salient object
detection tasks. As previous works [24] did, we use the same 287
images for evaluation, which include 305 objects with thin parts.

◦ COIFT [33, 34]: To follow previous works [24], the dataset
contains 280 images, which combines 3 datasets of birds and
insects in [33, 34]. Note that the images in this dataset are with
much lower resolution than the other two datasets.

Evaluation Metric. As our method is proposed specifically for
thin objects or parts, and the number of pixels belonging to the thin
region is often so small that the improvements cannot be reflected
obviously on the Intersection over Union (IoU) metric. Following
[24], we adopt the thin IoU score IoUthinon the expanded thin
part region E (detailed in Sec. 3.2) to better reflect the segmenta-
tion performance. We first obtain our predictions for thin parts by
Pthin = P × E. Thus the IoUthincan be formulated as

IoUthin =

∑(Pthin ∩ Gthin)∑(Pthin ∪ Gthin)
. (15)

Moreover, the boundarymeasure F [36] will also be adopted to eval-
uate the quality of the segmented edge. We compute the contour-
based precision and recall 𝑃𝑐 and 𝑅𝑐 between the contour points
of 𝑐 (Pthin) and 𝑐 (Gthin) via morphology operators. The F thinis
defined as

Fthin =
2𝑃𝑐𝑅𝑐
𝑃𝑐 + 𝑅𝑐

. (16)

For the two metrics, the higher they are, the better performance is.
Implementation Details. The experiments based on ResNet [12]
and HRNet [40] are conducted with ResNet-50 and HRNet-18, pre-
trained on ImageNet [9]. We train our KnifeCut on ThinObject-5K
train set. The training process lasts for 30 epochs and the batch

Interactions Similarity Map Similarity Map
1.0

0.0

0.5

Figure 5: Illustration for different similarity maps accord-
ing to the cutting line. The left and right similarity maps
correspond to the red and blue lines. The active regions of
similarity map are highly-related to the interacted thin part.

size is set to 4. We adopt the exponential learning rate decay strat-
egy with the initial learning rate of 7 × 10−3 and gamma of 0.9
for each epoch. Stochastic Gradient Descent (SGD) is used as the
parameter optimizer with a momentum of 0.9 and weight decay of
5 × 10−4. During training, we use random flipping to augment the
data. Additionally, in order to help the similarity module recognize
the difference between thin parts, we also adopt a random past-
ing strategy, which will be detailed in Sec. 5.2. While for testing,
the simulation algorithm is introduced in Sec. 3.2. Note that post-
processing is included in our evaluation, binarizing the refining
mask by threshold.
Speed Analysis.We test the inference time of our KnifeCut on a
single NVIDIA Titan XP GPU. When adopting HRNet as the feature
extractor, it takes 0.057 seconds to process one 1024 × 1024 image;
while it is 0.281 seconds for ResNet-based Deeplab v3+. Both speeds
are fast enough to meet the need for real-time inference.

5.2 Ablations
We perform ablation experiments to demonstrate the effective-
ness of each module adopted by the local and global refinement.
The results are shown in Tab. 1. We use the Gnon-thin as our pre-
segmentation mask, and choose IoUthin and F thin as the evaluation
metrics. The modules will be gradually removed from the KnifeCut.
Additionally, we replace the cutting line with a click located on the
thin part to demonstrate the superiority of our interaction mode.
Both experiments based on HRNet and ResNet will be carried out
on ThinObject-5K, HRSOD, and COIFT three datasets.
SimilarityModule.We first remove the similarity module for both
the local and global segmentation modules. The results are shown
in Tab. 1. As for the local branch, the performance of KnifeCut
worsens simultaneously on three datasets with approximately 3%
reduction of IoUthinand F thinfor ResNet. However, for HRNet, the
improvement brought by the similarity map is limited but still a
little. This is probably because HRNet maintains the high-resolution
features, while the ResNet loses some thin part information during
the down-sampling process, so the activation of the thin part makes
a bigger impact. Thus the results demonstrate that the similarity
map assists the network, especially for those with low-resolution
feature, to recognize the thin part better.
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Table 1: The core ablation study of the KnifeCut. We use the metric IoUthin and F thin to evaluate the segmentation of the thin
parts. Symbol ↑means that the performance is better when the metric is larger. ‘A/B’ means adopting ResNet and HRNet as the
feature extractor. Gnon-thin is adopted as the pre-segmentation. ‘SM’ and ‘DM’ mean the similarity module and distance map
respectively. Symbol →means the operation of replacement.

# Candidate ThinObject5K HRSOD COIFT
IoUthin↑ F thin↑ IoUthin↑ F thin↑ IoUthin↑ F thin↑

Pre-segmentation (Gnon-thin) 0.000 0.000 0.000 0.000 0.000 0.000

local

KnifeCut 0.637/0.661 0.776/0.785 0.400/0.413 0.674/0.659 0.448/0.493 0.667/0.713
KnifeCut (w/o SM) 0.604/0.655 0.738/0.778 0.371/0.403 0.629/0.659 0.416/0.482 0.640/0.702
KnifeCut (w/o SM & DM) 0.554/0.618 0.692/0.749 0.164/0.206 0.283/0.339 0.279/0.403 0.447/0.602
KnifeCut (Line→ Click) 0.584/0.615 0.692/0.716 0.361/0.379 0.575/0.578 0.386/0.439 0.524/0.578

global
KnifeCut 0.798/0.821 0.926/0.932 0.497/0.504 0.809/0.792 0.671/0.688 0.903/0.922
KnifeCut (w/o SM) 0.780/0.803 0.910/0.915 0.285/0.297 0.497/0.488 0.600/0.628 0.838/0.850
KnifeCut (Line→ Click) 0.793/0.822 0.916/0.931 0.489/0.498 0.788/0.779 0.667/0.690 0.894/0.918

The situation is much worse for global segmentation refinement.
On the one hand, the worse performance proves the significant
role of similarity map in global refinement. All similar thin parts
activated on the image, the network can accurately estimate the
scope of thin parts and focus on the refinement of them, which is in
line with our expectations. On the other hand, the various degrees
of worsening for datasets can be attributed to the distribution of
different datasets. HRSOD is composed of real images with complex
environment, thus increasing the segmentation difficulty; while
ThinObject-5K test has the same data distribution as our training
set, and only contains synthetic images with apparent boundaries.
Therefore, the improvement for HRSOD better demonstrates the
necessity of similarity map when putting into practical use.

Another advantage of the similarity map which cannot be re-
flected by statistics is to distinguish the thin parts belonging to
different objects. Activating all thin parts regardless of their fea-
tures will confuse the network about the location to be refined
and be likely to segment them all, which will violate the users’
intention in most cases. However, limited by the training sets, it is
rare for different thin objects to appear at the same time. To make
the network better deal with such situations, we adopt the random
pasting strategy in the training process. Two suitable images will
be randomly selected to paste together and fed into the network,
while only one thin object will be segmented. The results are shown
in Fig. 5. We can see that when cutting the cage, only the cage will
be activated, and so is the bird tail. The second image also performs
well, with bow and arrow activated respectively according to the
cutting line. Note that since the similarity map is independent of
the pre-segmentation map, we do not show it in Fig. 5.
Line Distance Map. For the local segmentation refinement mod-
ule, we further remove the distance map. As shown in Tab. 1, the
performance has become worse to varying degrees for the three
datasets. The reason why the fall differs from the datasets is the
same with the similarity module. Thus it also demonstrates the
dominant role of distance map for local refinement. Under its guid-
ance, the network is aware of the local scope of the thin part and
focuses on the refinement in the marked region.

Cutting Line. As a significant contribution of our KnifeCut, the
ablation study for the interaction mode is also carried out. Since we
view clicks as the degradation of lines, we replace the cutting line
with one click in KnifeCut. Following the common practice [43] of
click-based interactive methods, we place the click on the center of
the largest thin error region. The results are shown in Tab. 1. We
can see that the performance becomes worse to some extent for
both IoUthin and F thin. Compared to clicks, the cutting line is easy
to pass through multiple thin parts rather than only one. It also
offers the contrasting prior as it passes through the background and
foreground. Additionally, drawing a cutting line is convenient and
intuitive for users, and is friendly for most devices, such as a mouse,
touchpads, and mobile devices; while, for clicks, carefully aiming
and clicking on each thin part is time-consuming and laborious.

5.3 Comparisons
Performance Evaluation. As shown in Tab. 2, we compare our
KnifeCutwith othermethods on ThinObject-5K, HRSOD, andCOIFT
datasets. Because our method is designed specifically for thin re-
finement, We only use evaluation metrics with regard to thin parts.
These adopted metrics have been introduced in Sec. 5.1. As for
interactive segmentation methods for common objects, we choose
f-BRS [38] and FCA-Net [27], as they have well-maintained codes.
To keep fair with these methods, we adopt their results with two
clicks as the pre-segmentation for our KnifeCut. Since the cutting
line can be viewed as two clicks (two endpoints), we compare our
results to theirs with 4 clicks. It is worth noting that we fine-tune
these models with ThinObject-5K training set. We can see that the
improvement for thin parts brought by our method is considerable
for both local and global refinement. This not only demonstrates
the feasibility of our method to serve as the refinement tool, but
also shows the suitability and effectiveness of the cutting line to
deal with thin parts segmentation.

For interactive thin object segmentation, we also compare our
method with TOS-Net [24]. Also in order to control the same num-
ber of clicks, we retrain a model using a bounding box (two outside
clicks at the symmetrical corner locations) as the interaction mode,
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Table 2: Comparison of IoUthinand F thinmetrics with other methods in three evaluation datasets. Symbol † and § means the
output of the local branch and global one. ‘A/B’ means the results adopting ResNet and HRNet as the feature extractor.

Method Interaction ThinObject5K HRSOD COIFT
IoUthin↑ F thin↑ IoUthin↑ F thin↑ IoUthin↑ F thin↑

FCA-Net [27] 4 guidance clicks 0.645 0.776 0.372 0.618 0.498 0.726
KnifeCut† 2 guidance clicks + 1 line 0.758/0.770 0.887/0.888 0.488/0.501 0.814/0.800 0.601/0.623 0.869/0.888
KnifeCut§ 2 guidance clicks + 1 line 0.811/0.826 0.927/0.927 0.519/0.532 0.850/0.843 0.678/0.694 0.932/0.939
f-BRS [38] 4 guidance clicks 0.784 0.872 0.455 0.713 0.631 0.855
KnifeCut† 2 guidance clicks + 1 line 0.812/0.823 0.914/0.916 0.502/0.512 0.823/0.805 0.666/0.679 0.914/0.921
KnifeCut§ 2 guidance clicks + 1 line 0.828/0.840 0.929/0.931 0.523/0.535 0.850/0.847 0.692/0.704 0.939/0.943

TOS-Net [24] 4 extreme clicks 0.865 0.938 0.651 0.916 0.764 0.962
KnifeCut† 1 bounding box + 1 line 0.874/0.875 0.944/0.945 0.666/0.668 0.916/0.917 0.772/0.775 0.965/0.966
KnifeCut§ 1 bounding box + 1 line 0.873/0.877 0.946/0.946 0.664/0.670 0.917/0.917 0.786/0.793 0.968/0.969

Interaction Pre-segmentation Local Global Interaction Pre-segmentation Local / Global

Figure 6: The quality results of the KnifeCut. The pre-segmentation and the cutting line are shown above. Both the local and
global refinement results are provided. ‘Local/Global’ means the results are almost the same and the local one is presented.

which has the same network structure as TOS-Net. The results
obtained by the model will be used as pre-segmentation, so that
the total interaction can still be controlled as 4. We can see that
after refined by KnifeCut, the segmentation for thin parts has been
improved, surpassing that of TOS-Net.
Qualitative Results. Fig. 6 shows some situations suitable for
KnifeCut to deal with. When thin parts are miss-segmented, Knife-
Cut can refine the pre-segmentation and thus generate excellent
prediction with only one cutting line through the missed thin part.
For example, the left pole of the sign is lost, and the user is required
to draw a line through it. As the local result, the left pole will be
completed on the mask; while the right one will also be included at
one time in the global result. As for more complicated cases, the
racket lacks the segmentation of the net, which is unimaginable for
existing refinement tools. Fortunately, it will be solved by KnifeCut
in the same way even in this hard situation without any increase in
time and consideration. In another case, the thin parts often stay too
close, resulting in over-segmentation. We take the bird’s wings as
instance to present the situation. Cutting the over-segmented parts,
and then the target thin part will be refined in the local branch,
while both wings for the global result. The comb is the more com-
plicated cases, yet KnifeCut works well. Note that since for the net

and comb, the results for local and global are almost the same, we
only display the local one.

6 CONCLUSIONS
In this paper, to segment vexing thin objects, we propose a novel
interaction mode, which only needs users to draw a line cutting
through the mislabeled thin parts. Compared with current inter-
active modes, it effectively reduces the burden on the users, and
is easy to control with a mouse, touchpad, and mobile device. To
fully explore and demonstrate the superiority of the mode, we
propose a post-processing model, KnifeCut, to further refine the
pre-segmentation obtained by other segmentation methods, espe-
cially for the miss-segmented or over-segmented thin parts. Exper-
iments on three datasets have demonstrated the superiority of the
effectiveness of KnifeCut as the annotation tool.
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