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Abstract - Object representation and object detection requires object skeleton as they are supplementary to the object outline 
to give more data, like how object scale deviates amid different parts of object but extracting skeleton of objects from images 
which are natural is very tedious because the thickness of object skeleton may dramatically vary among different objects. We 
present a fully convolution neural network architecture by introducing hierarchical feature integration mechanism to address 
the skeleton detection problem. The proposed approach has a strong multi-scale feature integration ability that intrinsically 
captures high level semantics from deep layers as well as lower level details from shallow layers. The hierarchal integration 
of different CNN feature levels enables mutual refinement across features of different layers and possesses good ability to 
capture rich object context and high resolution details. The proposed method was evaluated on SK-Large and Sympascal 
database. 
 
Keywords - Convolutional Neural Network, Hierarchical Feature Integration Mechanism, Object Skeleton 
 
I. INTRODUCTION 
 
The notion of object means an independent body with 
distinct boundary and center like an animal, a human 
or a plane against the vague background matter such 
as grass, sky or a mountain. The skeleton is an 
important formation based object descriptor. 
Extracting skeleton of objects from images directly 
can provide valuable data about the existence and 
dimensions of objects. It is applicable for many real 
applications including object recognition [1], text 
recognition [2], road detection and blood vessel 
detection [3]. 
 
Extraction of skeleton from pre-segmented images [4] 
is already been studied and applied to structure based 
object matching and recognition [5]. The methods 
though have severe restrictions when applied to 
natural images, since segmentation from images 
which are natural is still an irresolvable problem. 
 
Extraction of skeleton from natural images is an 
extremely challenging problem, for which two tasks 
are to be addressed, the first being skeleton 
localization to analyze whether a pixel is a skeleton 
pixel or not and the other is skeleton scale prediction 
to evaluate the scale of each pixel. The second part 
has never been studied especially in the previous 
methods, the predicted are important because we can 
obtain segmentation of objects from a skeleton 
directly. 
 
Previous methods used for skeleton extraction or 
skeleton localization can be categorized as, 

Traditional image processing methods and recent 
learning based methods. 
In image processing methods, skeletons were 
computed from a gradient intensity map pursuant to 
constraints of geometry between edges and skeletons. 
Image processing methods employ anisotropic vector 
diffusion through which a skeleton strength map was 
calculated, which provides a measure of each pixel 
could be on the skeleton used by Zeyun yu and 
Chandrajit Bajaj [6]. The use of pseudo distance map 
by Jeong-Hun and Ki-sang Hong [7] to extract image 
from grayscale image without region segmentation or 
edge detection which gives an edge strength function 
and pseudo distance map is computed through edge 
strength function using partial differential equations. 
Tony Lindeberg [8] introduced scale-space edge 
which gives variation of scale levels along the edge 
which can be used as a ridge detector to extract object 
skeleton. 
 
Recent learning based methods learns a per pixel 
classification or segment linking model which is 
based on features designed by hand for extracting 
skeleton determined at multiple scales, but the 
limitation of features designed by hand are they 
cannot extract object skeletons having complex 
constructuins and cluttered interior textures. 
 
The recent learning methods employ a learning based 
approach to detect symmetry by focusing on ribbon 
like structures named contours used by Stavros 
Tsogkas and Iasonas Kokkinos [9]created a 
groundtruth dataset for this task by building in 
Berkeley Segmentation dataset, they extracted 
features representing many complementary cues and 
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learn how to combine those queues and employ 
multiple instance learning. SainingXie and 
ZhuowenTu [10] developed a new edge algorithm 
named holistically nested edge detection which 
addresses holistic image training and prediction and 
multiscale and multilevel feature learning, executes 
image to image prediction by manner of a deep 
learning model that includes fully convolutional 
network and deeply supervised nets. Wei Shen and 
Kai Zhao [11] implemented a novel convolution 
neural network in which they employed side outputs 
to each convolutional layer and extracting skeletons 
using multitask learning for side outputs of each stage 
by introducing a new scale regression loss. We 
proposea hierarchical integration mechanism which 
integrates different CNN feature levels with 
bidirectional guidance which enables mutual 
refinement across features at different levels and 
possess a good ability to capture rich object context 
and high resolution details. 
 
II. PROPOSED METHOD 
 
A) Overall Architecture 
The implementation of the proposed hierarchical 
feature integration architecture based on the VGG16 
[12] network, which consists of 13 convolutional 
layers and 2 fully connected layers. The layers are 
divided into 5 groups :conv 1-x, … , conv 5-x and 
there are 2-3 convolutional layers in a group \. There 
are pooling layers with stride of 2 between 
neighboring convolution groups. 
 
In holistically edge detection, the side outputs 
connect only with the last convolutional layer of each 
group. Richer Convolution Features [13] connects a 
side outputs to all the layers of a convolutional group 
to get powerful convolutional features. The 
architecture of hierarchical feature integration is 
illustrated in fig.1, the convolutional groups are 
shown by colors and pooling layers are not included. 
 
B) Hierarchical Feature Integration 
The proposed feature integration procedure is shown 
in fig. 2. Feature maps that are going to be integrated 
are branched from a primary network stream via 
(1x1) convolutional layer on top of an interior 
convolutional layer, the maps are integrated further 
with element-wise sum and the final associated side 
output is created by (1x1) convolution. Due to the 
pooling layers, the deeper convolutional feature maps 
are spatially smaller than shallower ones. Upsampling 
is done to guarantee that all feature maps that are 
integrated are of same size. 
 
Technically, the feature integration can be recurrently 
performed until the last integrated feature map which 
contains information from all convolutional layers, 
but limited by the memory of GPUs and the time 
required to train only two level integration is done. 

 
Figure 1 Architecture using Hierarchal feature integration 

network. All side outputs are supervised by skeletons within 
their receptive fields. Features of neighboring feature levels are 

integrated to enable mutual refinement, and a lateral feature 
hierarchy is obtained with recursively integrating neighboring 

features 
 

 
 
Figure 2 Illustration of feature integration: (a) feature maps to 
be integrated are firstly produced by a (1x1) convolution; (b) 

deeper features are up sampled before integration; (c) the 
integration is implemented by an element-wise sum; (d) side 

outputs are built on top of the integrated features with a (1x1) 
convolution 

 
C) Formulation 
The formulation of the approach of skeleton detection 
is done. Detection of skeleton can be formulated as a 
pixel wise binary classification problem. The input 
given as X = {xj, j=1, …, |X|},skeleton detection need 
to predict the corresponding skeleton map Y ={ŷj, 
j=1, …, |X|},whereŷjє {0,1}is the predicted label of 
pixel xj.yj = 1 means the pixel xjis predicted as 
skeleton point or it’s the background. 
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Ground-truth Quantization 
Following FSDS [11], the side outputs with scale 
associated skeleton ground truths are supervised. For 
differentiation and supervision of skeletons having 
different scales, skeletons are quantizes into several 
classes according to the scalethe skeleton scale is 
defined as the distance between a skeleton point and 
its nearest boundary point.AAssume S = {sj , j =1, ..., 
|X|}(sj∈ R) is the skeleton scale map, where sj 
represents the skeleton scale of pixel xj . When xj is 
the background, sj = 0. Let Q = {qj , j = 1, ..., |X|} be 
the quantized scale map, where qj is the quantized 
scale of pixel xj .The quantized scale qj can be 
obtained by: 

푞 =
푚     푖푓  푟 <  푠  ≤ 푟
0      푖푓 푠 = 0 표푟 푠 > 푟            (1) 

Where 푟  (m=1,….,M) is the receptive field of the 
푚− 푡ℎ side-output (SO- 푚), with 푟 =0, and M is the 
number of side-outputs. For instance, pixel 푥  with 
scale 푠 =39 is quantized as 푞 =3, because 14= 
푟 < 푠 < 푟  =40 (receptive fields of side-output are 
shown in  fig 1 with numbers-in-boxes). All 
background pixels (푠 = 0) and skeleton points out of 
scope of the network (푠 > 푟 ) are quantized as 0. 
 
Supervise the Side-outputs 
Scale-associated side-output is only supervised by the 
skeleton with scale smaller than its receptive field. 
We denote ground-truth as 퐺 ={푔 , 푗 = 1, … . , |푋|}, 
which is used to supervise SO- 푚. 퐺  is modified 
from Q with all quantized values larger than 푚 set to 
zero. 푔  can be obtained from Q by: 

푔 = 푞                 푖푓 푞 < 푚 
0               표푡ℎ푒푟푤푖푠푒

(2) 
Supervising side-outputs with the quantized skeleton 
map turns the original binary classification problem 
into a multiclass problem. 
 
Fuse the side-outputs 
Suppose 푃 = {푝 , , 푗 = 1, … , |푋|,푘 = 0, … . ,퐾 } is 
the predicted probability map of SO- 푚, in which 
퐾 is the number of quantized classes SO- 푚 can 
recognize, 푝 ,  means the probability of pixel 푥  
belonging to a quantized class #k, and index jis over 
the spatial dimensions of the input image X. 
Obviously we have ∑ 푝 , =1. 
We fuse the probability maps from different side –
outputs 푃  (m = 1, … . , M) with a weighted 
summation to obtain the final fused prediction 
P={푝 ,푘}: 
푝 ,푘 = ∑ 푤 푝 ,             (3) 
Where 푝 , 푘  is the fused probability that pixel 푥  
belongs to quantized  class #k . Eq. (3) can be 
implemented with a simple (1x1) convolution. 
 
Loss Function and Optimization 
We simultaneously optimize all the side-outputs 
푃  (m = 1, … . , M)  and the fused prediction P in an 

end-to-end way. In HED [14] introduce a class-
balancing weight to address the problem of 
positive/negative unbalancing in boundary detection. 
This problem still exists in skeleton detection because 
most of the pixels are background. We use the class-
balancing weight to offset the imbalance between 
skeletons and the background. Specifically, we define 
the balanced softmax loss l (P, G)as: 
l (P, G)∑ ⌈−훽 ⌉∑ log 푝 , 1 푔 == 푘 −
(1−훽 )log(푝 , )1 푔 == 0 ](4) 
where 푃 = ℎ(푋| ⊖)is theprediction from CNN, G is 
theground-truth, and mis the index of side-
output,ℎ(푋|⊖)is the modelhypothesis taking image 
X as input, parameterized by⊖. 
훽 = [∑ 1 푔 ≠ 0| | ] ∕ |푋|is a balancing factor, 
where 1(.)is an indicator. The overall loss function 
can be expressed as follow: 
ℒ (ℎ(푋| ⊖),퐺) = ℒ + ℒ  
=∑ 푙(푃 ,퐺 ) + 푙(푃,푄)          (5) 
Where 푃  푎푛푑 퐺   are prediction/ground-truth of 
SO- 푚 respectively, G is the ground-truth of final 
fused output P. 
All the parameters including the fusing weight 푤  
in Eq.(3) are part of ⊖. We can obtain the optimal 
parameters by a standard stochastic gradient descent 
(SGD): 
⊖∗= 푎푟푔푚푖푛 ℒ                     (6) 
 
Detect Skeleton with Pre-Trained Model 
Given trained parameters ⊖ , the skeleton response 
map 푌={푦 , 푗 = 1, … , |푋} is obtained via: 
푦 = 1−  푝 , 0                           (7) 
Where 푦 є [0,1] indicates the probability that pixel 푥  
belongs to the skeleton. 
 
III. EXPERIMENTAL RESULTS AND 
ANALYSIS 
 
In this section, discussion of implementation details 
and a detailed report on performance of the proposed 
method on several open benchmarks is done. 
A) Datasets 
The experiment are conducted on two popular 
skeleton datasets Sk-Large [11] and Sympascal 
[15].the images from both the dataset are selected 
from different semantic segmentation datasets with 
human annotated object segmentation masks and the 
skeleton groundtruths are extracted from 
segmentation. 
B) Implementation Details 
The implementation is based on “Caffe”[16] 
framework. The whole network is tuned from an 
initialization with the pre trained VGG16 layer net 
[12]. The hyper parameters taken are: base learning 
rate (10-6), mini batch size (1), momentum (0.9) and 
maximum iteration (40000), the learning rate is 
decreased by 0.1 factor every 10000 iterations. Data 
augmentation is performed with operations random 
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resize image to 3 scales (0.8, 1, and 1.2), random left-
right flip image and random rotate image to 4 angles 
(0, 90, 180, and 270) 
C) Evaluation Method 
For the evaluation of skeleton localization 
performances, the following protocol from [9] is 
used, in which the skeletons detected are measured 
from the maximum F-measure and precision-recall 
curves with reference to the groundtruth skeleton 
map. For obtaining the precision-recall curves, the 
detected skeleton response is the first thresholdinto a 
binary map and thegroundtruth skeleton map is then 
matched. This then allows small localization errors 
between the groundtruth and detected positives. The 
detected positive matched with at least one 
groundtruth skeleton pixel is categorizedas a true 
positive. Also the pixels that do not correspond to any 
skeleton pixelgroundtruth are false positives. By 
allocating various thresholds to the detected skeleton 
response, a sequence of precision and recall pairs are 
obtained, which is used to plot the precision-recall 
curve. Also the accuracy of the skeleton using the 
obtained skeleton and groundtruth of the skeleton is 
calculated. 
We evaluate this method on the SK-Large database 
which contains total 1491 images. We use 746 
images for training and 745 images for testing. The 
method was also evaluated on Sympascal database 
containing 1435 images (647 for training and 788 for 
testing).The threshold was determined by calculating 
the average threshold which yielded the maximum 
accuracy on this set. The input test image and its 
corresponding skeleton image obtained is shown in 
fig.3. The confusion matrix of multiscale associated 
output and with hierarchal feature integration thus 
obtained is shown in table 1, the accuracy, F-
measure, Precision and Recall are obtained using the 
confusion matrix and the values are shown in table 2. 
 

 
3(a) Input Test Image               3(b) Skeleton Image 

 
 Predicted Class 
 
Actual Class 

TP=17540 FN=4500 

FP= 7055 TN=32767 

Table 1 Confusion matrix of hierarchal feature integration 
 
This is the average values obtained from the 745 
testing images available in the Sk-Large database and 
788 testing images available in Sympascal database. 
The skeleton pixels that are predicted as skeleton are 
denoted as true positives (TP), the skeleton pixels that 
are predicted as non-skeleton are denoted as false 

negatives (FN), the non-skeleton pixels that are 
predicted as non-skeleton are denoted as true 
negatives (TN), and the non-skeleton pixels that are 
predicted as skeleton are denoted as false positives 
(FP) The formulas for calculating the performance 
measures are shown below. 
 
퐴푐푐푢푟푎푐푦 =  …………….. (1) 
 
푃푟푒푐푖푠푖표푛 =

 
………………... (2) 

 
푅푒푐푎푙푙 = ……………............. (3) 
 
퐹 −푀푒푎푠푢푟푒 =  . . ..... (4) 
 

 Hierarchal feature integration 
Accuracy 0.813 
Precision 0.71 
Recall 0.79 
F-measure 0.74 

Table 2 Performance Measure 
 
Comparison with various skeleton extraction process 
in terms of F-measure is shown below, Figure 4 
represents various process on SK-Large database and 
5 represents various process on sympascal database 

 
Figure 4 F-measure of various skeleton extraction methods on 

SK-Large Dataset 
 

 
Figure 5 F-measure of various skeleton extraction methods on 

SK-Large Dataset 
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CONCLUSION 
 
The extraction of object skeleton from natural images 
is very tedious because the thickness of object 
skeleton dramatically varies among different objects. 
The proposed method implements a new network 
architecture which is a fully convolutional neural 
network with multiple multitask scale associated 
outputs which extracts object skeleton from natural 
images by using the groundtruth w.r.t edge and scale 
the skeleton images are obtained with more precision 
than the previous methods, the implementation of 
HIFI further increases the accuracy of the proposed 
model by enabling mutual refinement across features 
of different levels and to possess the strong ability to 
capture both rich and high resolution details. 
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