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Abstract

The shape skeleton or medial axis, is a concise shape 

description, defined by the centers of the maximally in- 

scribed circles. Skeletonization algorithms support many
applications, including optical character recognition, ob- 

ject recognition, pose estimation, shape matching, biomed- 

ical image analysis, etc. Usually, classical algorithms tend 

to produce redundant skeleton branches at edge noise re- 

gions and require a branch pruning post process. Recently
many CNN based algorithms achieved significant perfor- 

mance improvements compared with classical algorithms. 

Most deep learning algorithms directly used the shape of
image as input data and its complex for end-to-end learning 

algorithms to fit the transformation from shape to skeleton. 

In this work, we proposed to use Smooth Distance Estima- 

tion (SDE) and Edge transformation to preprocess the input 

shape. Combined with a modified U-Net model and multi- 

model ensemble, the proposed method achieved 0.8129 F1
score in the Pixel SkelNetOn validation set, 1.5752 symmet- 

ric chamfer distance in the Point SkelNetOn validation set 

and 6407.4 squared distance score in the Parametric Skel-
NetOn validation set. 

1. Introduction
The shape skeleton, or medial axis, is a concise shape de- 

scription, defined by the centers of the maximally inscribed 

circles. The set of centers and radii completely describes the
shape [1]. Skeletonization algorithms support many appli- 

cations, including optical character recognition [13], object 

recognition [18], pose estimation [17], shape matching [16],
biomedical image analysis [10, 8, 15], etc. 

There are three categories of classical skeleton algo- 

rithms: morphological thinning based on iterative boundary 

removal, geometric methods based on Voronoi diagram and 

distance transform-based methods [11]. Usually, classical 

algorithms are difficult to distinguish between edge noises 

and real shapes, and tend to produce redundant skeleton 

branches at edge noise regions. 

With the population of CNNs, deep learning-based algo- 

rithms achieved great success in image classification, object 

detection, image segmentation and image transformation,
etc. 

In recent years, CNN algorithms have been used for
skeleton extraction. In [11], the authors introduced a U-Net
based approach for direct skeleton extraction and got a high 

performance on the pixel SkelNetOn 2019 test set. [9] de- 

signed a unique version of HED architecture along with the
U-Net structure and got significant performance improve- 

ments. [5] built a fully convolutional network named Fea- 

ture Hourglass Network (FHN) for skeleton detection and
achieved better performance compared with the baseline on
both the Pixel SkelNetOn and Point SkelNetOn datasets. 

In [3], the authors provided a baseline algorithm which 

used a vanilla pix2pix model with distance transformation 

preprocessing. They found that the preprocessing of the 

input data enhanced the neural network learning signifi- 

cantly. In this work, we continue to study new preprocess- 

ing methods and propose to use Smooth Distance Estima- 

tion (SDE) and Edge transformation to preprocess the in- 

put shape. Combined with a modified U-Net model and 

multi-model ensemble, the proposed method got excellent 

performances in the pixel SkelNetOn, point SkelNetOn and 

parametric SkelNetOn validation set. 

2. Methods 

2.1. U-Net based architecture 

We formulated the skeletonization as a pixel classifica- 

tion problem and designed a pixel skeleton classification 

network based on the U-Net architecture [12]. Thanks to the 

down sampling and up sampling blocks, the U-Net architec- 

ture has a large receptive field and is suitable for skeleton 

extractions. Like the baseline [3] which applied a distance 

transform to preprocess the binary input shape, we used the 

Smooth Distance Estimation [4] to get a more accurate SDE
image. In addition, we applied an edge transform to get an 

edge image which was concatenated with the SDE image 

and used as the U-Net input.
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Figure 1. U-Net based architecture: Each down sampling block and up sampling had a sequence of three Resnet blocks. At the end of each 

down-sampling block a max pooling layer was applied. Each up-sampling block contained a transposed convolution layer, concatenated 

with a corresponding output of down sampling block. At the end of the last up sampling block, a 1x1 convolution was applied to generate 

skeleton predictions. 

In order to improve the feature express ability of the U- 

Net model, a sequence of three Resnet blocks was applied 

in each down sampling block and up sampling block. At the 

end of each down sampling block a max pooling layer was 

applied. Each up-sampling block contained a transposed 

convolution layer, concatenated with a corresponding out- 

put of the down sampling block. At the end of the last up 

sampling block, a 1x1 convolution was applied to generate 

skeleton predictions. 

2.2. Data preprocess 

Similar to [3], we applied a one-pixel dilation and ero- 

sion operation on the original shape image to close some 

negligible holes and remove isolated pixels that might 

change the topology of the skeleton. 

2.3. Distance transformation 

In [3], the authors proposed to apply distance transfor- 

mations for input shape preprocess. They found that the 

preprocess enhanced the neural network learning signifi- 

cantly. While the distance transformation was sensitive to 

edge noises, [4] proposed the Smooth Distance Estimation 

(SDE) for robust distance transformations. In this paper, we 

used the SDE as the U-Net model input, which might guide 

the model training to focus on the SDE ridge and help the 

model locating skeleton points more precisely. The SDE 

values are displayed in Figure 2, which shows that the skele- 

ton points are always located at the SDE ridges. 

The traditional distance transformation calculates the 

min distance from point P to the shape boundary as the 

following formula shows. Where B is the shape boundary 

points set.

 

dB 

( P ) = min 

B ∈B 

∥ P − B ∥

 

Figure 2. The SDE values are displayed in blue and the skeleton 

curves are displayed in green. The skeleton points are always lo- 

cated at the SDE ridges. It may guide the U-Net model to focus on 

the SDE ridges. (Best viewed in color) 

The following formulas describe how to calculate the SDE. 

Where pB ,σ 

( P , B ) is a weight assigned to the point B of the 

shape boundary. Pσ 

( t ) is a semi-normal distribution with 

parameter σ . The parameter σ is chosen as 0.7.
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2.4. Edge transformation 

It was observed that whether a skeleton branch existed 

was depended on the edge of the shape. The skeleton ex- 

traction model should pay more attention to edge regions. 

We proposed to use an edge transformation and concatenate 

the edge image with the SDE image. 

The shape edges are displayed in Figure 3. The skeleton 

branches always point to the edge bumps. It may guide the 

model training to focus on the edge bumps.

 

Figure 3. The shape edges are displayed in blue and the skeleton 

curves are displayed in green. The skeleton branches always point 

to the edge bumps. It may guide the model training to focus on the 

edge bumps. 

2.5. Multi-model ensemble 

In general, multi-model ensembles can improve the ac- 

curacy of neural network models. In [11], eight models 

trained on different subsets of training data were chosen for 

the model ensemble, and a simple average of predictions in- 

creased F1-score by 4%. In this work, we chose five models 

trained on different subsets of training data and the F1-score 

is increased by 0.58% on the validation set. 

2.6. Pixel skeleton classification 

In the Pixel SkelNetOn challenge [3], input shapes were 

provided and participants were asked to generate the corre- 

sponding skeletons. All shapes were represented as binary 

shape images (the top line of Figure 4), and skeletons were 

also represented as binary images (the bottom line of Fig- 

ure 4). In the skeleton images, the background was anno- 

tated with black pixels and the skeleton was annotated with 

white pixels. In order to generate skeleton images, the U- 

Net model prediction results were passed through a sigmoid 

layer to get skeleton probability values in the range between 

0 and 1. The final skeleton image was generated by bina- 

rization of the probability using an optimal threshold.

 

Figure 4. Pixel SkelNetOn challenge: All shapes were represented 

as binary shape images (top line), and skeletons were also repre- 

sented as binary images (bottom line). 

2.7. Point skeleton Extraction 

In the Point SkelNetOn challenge [3], both the shapes 

and the skeletons were represented by point clouds. Simi- 

lar to [5], we drew the point cloud of each shape in a white 

background according to the corresponding coordinates and 

generated the binary shape images. Then skeleton images 

were generated by passing the shape images through the 

U-Net model and the final skeleton point clouds were con- 

verted from the skeleton images. 

2.8. Parametric skeleton generation 

In the Parametric SkelNetOn challenge [3], all shapes 

were represented as shape images. The parametric skele- 

ton was modeled as degree five Bezier curves. Each curve 

corresponded to a branch of skeleton, where the first two 

coordinates described the {x, y} location in the image of 

an inscribed circle center, and the third coordinate was the 

radius r associated with the point. 

In this paper, we generated parametric skeletons by 

skeleton branch extraction, Bezier curve fitting and branch 

ordering. 

Skeleton branch extraction: At first, we generated 

skeleton images using the trained U-Net model as Section 

2.6. Since the predicted skeleton may contain broken lines, 

we used a shortest distance connection to connect all broken 

lines to form a connected skeleton. Then proto-branches 

were generated by splitting the connected skeleton at all 

junctions. Finally, pairs of adjacent branches were joined 

to represent a single curve if the Weighted Extended Dis- 

tance Function (WEDF) was continuous across the junction 

[3]. 

Bezier curve fitting: For degree five Bezier curves, 

given six control points { P0, P1,..., P5}, a Bezier curve was 

calculated as

 

B ( t ) = 

5∑ 

j =0 

(
5 

j 

) 

Pj 

( 

1 − 

t

 

N − 1 

)5 − j 

t

 

N − 1 

j 

,

 

t ∈ [0 , N − 1]
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Where N denotes the point number of the corresponding 

branch. Pj=[ xj , yj , rj] denotes the j - th control point. 

The first control point ( P0) and the last control point 

( P5) were directly set as the first point and the last point 

of the skeleton branch respectively. Other control points 

{ P1, P2, P3, P4} were calculated by minimizing the follow- 

ing fitting loss.

 

L = 

N − 1∑ 

t =0 

∥ B ( t ) − L ( t ) ∥2

 

Where L ( t ) =[ xt, yt, rt] denotes the t - th point of the skeleton 

branch. 

Branch ordering: All branches were ordered by their 

importances to have canonical representations, and the 

branch importance was estimated by the maximal WEDF 

value of the points in the branch [3]. The skeleton branches 

were sorted by their part areas calculated as the following 

formula [7].

 

S = 

1

 

2 

N − 2∑ 

t =0 

( rt 

+ rt +1) ∗ ∥ [ xt 

− xt +1 

, yt 

− yt +1] ∥2

 

3. Experimental results 

The proposed U-Net model was trained on the Pixel 

SkelNetOn training set, and evaluated on the Pixel Skel- 

NetOn, the Point SkelNetOn and the Parametric SkelNetOn 

validation sets. 

Pixel SkelNetOn consists of 1,725 black and white im- 

ages given in portable network graphics format with size 

256 × 256 pixels, split into 1,218 training images, 241 vali- 

dation images, and 266 test images. 

Point SkelNetOn consists of 1,725 shape point clouds 

and corresponding ground truth skeleton point clouds, given 

in the basic point cloud export format .pts, split into 1,218 

training point clouds, 241 validation point clouds, and 266 

test point clouds. 

Parametric SkelNetOn consists of 1,725 shape images 

and corresponding ground truth parametric skeletons, ex- 

ported in tab separated .csv format. The dataset is again 

split into 1,218 training shapes, 241 validation shapes, and 

266 test shapes. 

3.1. Implementation 

To train the model we randomly split the Pixel SkelNe- 

tOn training set on train and cross-validation in proportion 

80% : 20%. The cross-validation set was used for reducing 

learning rate and saving the best model checkpoints. Adam 

optimizer was used and F1-score was used to evaluate the 

model performance. 

Similar to [11], the weighted focal loss was used in 

model training. We found that wpos = 50 and wneg = 1.0 

along with = 2 gave the best results. The data augmentation 

was implemented by rotations on 90 degrees and horizon- 

tal flips of input images and targets. The model training 

learning rate was initialized with 0.001 and reduced after 

50 epochs to 10% if validation loss did not improve. The 

batch size was set to 4. The total epochs were set to 1000. 

3.2. Results 

In the original U-Net architecture, each down sampling 

block and up sampling block used two convolution as basic 

process unit. These basic process units could be replaced 

by other operations, such as Resnet blocks and Densenet 

blocks. We compared the performances of different types of 

basic process units. All experiments used the SDE and Edge 

as input and the results are shown in Table 1. A sequence of 

three Resnet blocks achieves better F1-score compared with 

convolutions and ResDense blocks. 

Table 1. The result of comparison between different types of basic 

process unit on the Pixel SkelNetOn validation set.

 

Basic process unit F1-score

 

Convolution 0.7787 

ResDense Block[19] 0.7963 

Resnet Block 0.8071

 

We compared the performances of different types of in- 

put datas. The experiment results are shown in Table 2. All 

experiments use Resnet Block as the basic process unit. Us- 

ing the SDE and Edge as the model input achieves the best 

F1-score compared with the shape and hard distance. By 

using a multi-model ensemble, the F1 score is further im- 

proved to 0.8129. 

Samples of the pixel skeleton, point skeleton and para- 

metric skeleton results are displayed in Figure 5, 6, 7 re- 

spectively. Our U-Net based model achieved 0.8129 F1 

score in the Pixel SkelNetOn validation set, 1.5752 symmet- 

ric chamfer distance [3] in the Point SkelNetOn validation 

set and 6407.4 squared distance score [3] in the Parametric 

SkelNetOn validation set. 

Table 2. Comparison of different input datas on the Pixel SkelNe- 

tOn validation set.

 

Input data F1-score

 

Shape 0.7593 

Hard distance [3] 0.7787 

Hard distance + Edge 0.7886 

SDE + Edge 0.8071 

SDE + Edge (Multi-model ensemble) 0.8129
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Figure 5. Samples of the pixel skeleton classification results. We
achieved 0.8129 F1 score in the Pixel SkelNetOn validation set. 

(Best viewed in color)

Figure 6. Samples of the point skeleton extraction results. We 

achieved 1.5752 symmetric chamfer distance in the Point Skel-
NetOn validation set. (Best viewed in color)

Figure 7. Samples of the parametric skeleton generation results. 

The skeleton curves are displayed in green and the Bezier control
points are displayed in blue. We achieved 6407.4 squared distance 

score in the Parametric SkelNetOn validation set. (Best viewed in
color)

4. Conclusion 

In this paper, we proposed to apply the Smooth Distance 

Estimation (SDE) and Edge transformation to preprocess 

the input shape, and designed a modified U-Net architec- 

ture for skeleton extraction. Experiment results showed 

that the proposed method got excellent performances in the
pixel SkelNetOn, point SkelNetOn and parametric SkelNe- 

tOn validation set. 
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