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ABSTRACT 

Caring individual pigs in large-scale pig farms is an important 
issue for preventing infectious diseases. Accordingly, many 
researchers have been researched about group-housed pig 
monitoring systems. However, it is challenging to identify 
individual pigs because the systems misidentify touching-pigs as a 
single pig. In this paper, we solve the touching-pig problem by 
using concave points of continuous video frames. We interpret a 
two dimensional outline data as a one dimensional time-series 
data of touching pigs and align the time-series data of continuous 
video frames. The experimental results show that the proposed 
method can segment the touching-pigs more accurate than 
generally used methods in real time. 

CCS Concepts 
• Computing methodologies ➝ Artificial 
intelligence ➝ Computer vision ➝ Computer vision 
problems ➝ Image segmentation 
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1. INTRODUCTION 
The early detection of management problems is an important 

issue of caring for group-housed pigs [1]. Especially, caring for 
individual pigs is necessary in order to minimize the possible 
damage caused by infectious disease. However, it is almost 
impossible for individual pigs to be cared for by the small number 
of farm workers who work on large-scale pig farms. For example, 
a pig farm where we obtained video monitoring data had more 
than 2,000 pigs per a farm worker. Although some progress in 
monitoring group-housed pigs has been made recently [2-3], 
practical issues in implementing an automated behavior 
monitoring system with a video sensor have not yet been reported. 
Especially, it is very challenging to identify individual pigs in a 

small-sized pig room using a video camera because partial 
occlusion may occur in some cases and the movement of pigs may 
be unpredictable and rapid during 24-hour.  

In our study, we consider a 24-hour pig room monitoring 
application and solve the problem of separating pigs that are 
touching each other. With current computer vision techniques [4] 
such as mean shift, continuously adaptive mean (CAM) shift, 
Kalman filter, and particle filter algorithms, each isolated moving 
pig can be segmented and tracked correctly. If they are close 
together, however, current techniques regard those pigs as a pig 
group, denoted as “touching-pigs,” because of their similar color 
and can no longer maintain separate identities for each pig. To 
analyze each moving pig automatically and rapidly detect possible 
health and social problems, we need to separate the touching-pigs. 

In this paper, we separate the touching-pigs using valuable 
information for segmentation. Most shapes of the touching-pigs 
have at least one concave point which is in close proximity of the 
touching-pigs, denoted as “touching region”. In addition, some 
holes or a center point in the touching region could be used as 
additional information for segmentation. We focus on these 
information and exploit them for separating touching-pigs. 

In addition, we consider a separation problem with only 2-pigs 
touching cases. By human inspection, we confirmed that the 2-
pigs touching cases were most commonly occurred in the pigsty 
surveillance video. Of course, the touching cases with more than 
2-pigs can be occurred in a 24-hour monitoring system, and the 
difficulty of touching-pigs segmentation is increased with the 
number of touching-pigs. In this study, we solve the segmentation 
problem with 2-pigs touching cases only, and will solve the 
segmentation problem with more number of touching-pigs as a 
future work by gradually increasing the number of touching-pigs. 

2. PROPOSED METHOD 
The scene obtained from a pig room may include some noises 

from a pigsty environment such as various levels of illumination. 
In order to exclude such noises, we convert RGB value into HSV 
value and binarize the frame from the video sequences. Then, we 
apply a Gaussian mixture model (GMM) [5] that models the scene 
background on continuous binarized frames to detect moving pigs. 
If the size of the moving pigs is larger than that of a single pig, we 
regard the pigs as “touching-pigs” and separate them. 

SAMPLE: Permission to make digital or hard copies of all or part of this 
work for personal or classroom use is granted without fee provided that 
copies are not made or distributed for profit or commercial advantage 
and that copies bear this notice and the full citation on the first page. To 
copy otherwise, or republish, to post on servers or to redistribute to lists, 
requires prior specific permission and/or a fee. 
Conference’10, Month 1–2, 2010, City, State, Country. 
Copyright 2010 ACM 1-58113-000-0/00/0010 …$15.00. 
DOI: http://dx.doi.org/10.1145/12345.67890 



2.1 Time-Series Conversion of Outline 
In the proposed method, concave points are very important 

information to be used for segmentation. However, shapes of a pig 
are not always straight. If a pig bends its back, a shape of the pig 
will be curved, and we denote the pig as a “curved-pig” (see 
Figure 1). In this case, the concave points can be detected in the 
curved-pig as well as in the touching region. In order to detect 
reliable concave points from the touching-pigs including the 
curved-pig, we have to detect the points which are in the touching 
region. In our study, we interpret two-dimensional outline data 
into one-dimensional time-series data and utilize the time-series 
data as a verification tool for segmentation.  

First, we apply a Convex Hull algorithm [4] that connects the 
outermost components in order to extract candidates of concave 
points. By applying the Convex Hull, we obtain a minimum 
polygon which contains an outline of touching-pigs. Point 
segments of the polygon are stored in the list in counterclockwise 
order. The last stored segment will be used as the start point of a 
time-series data in the next step. 

Then, we create two types of time-series data L and G through 
calculating the distance between the line segments of the polygon 
and the outline corresponding to each segment. When we record 
the time-series data, we start recording from the start point to the 
last point in clockwise order.  

Figure 2 illustrates the generation process of time-series data L 
and G, respectively. When we generate the time-series data L, we 
calculate distances of vertical lines between the line segments of 
the polygon and the outline corresponding to each segment from 
the start point in clockwise order (see Figure 2 L). Similarly, 
when we generate the time-series data G, we calculate distances 
of each end point of the line segments and each point of 
corresponding outlines from the start point in clockwise order (see 
Figure 2 G). The calculated distances are recorded in each time-
series data. Then, we can obtain two time-series data which are 
composed of pixel boundaries (x-axis) and corresponding 
distances (y-axis). 

2.2 Determination of Concave Points 
2.2.1 Extraction Step 

One of the goals of our study is to extract reliable concave points, 
as mentioned above. However, it is difficult to determine the 
concave points because of the curved-pig. Therefore, we extract 
only the concave points in the touching region, not the concave 
points in the curved-pig. In other words, we need to distinguish 
between “concave point” of the touching-pigs and “concave 
section” of the curved-pig. In the proposed method, we utilize 
time-series data in order to distinguish between the concave points 
and the concave sections. 

In order to utilize time-series data which are generated from 
continuous video frames, we first normalize each time-series data 
to apply an identical level of thresholds in each frame. Then, we 
extract the concave points, not the concave sections, using the 
normalized time-series data. The extraction process of concave 
points in time-series data is shown in Figure 3. In Figure 3, we 
can identify a shape of the time-series data L as globally irregular 
and that of the time-series data G as locally irregular. That is, the 
time-series data L and G represent local curvature information and 
global curvature information, respectively. Therefore, we utilize 
the time-series data L to extract candidates of the concave points 
and the time-series data G to distinguish between the concave 
points and the concave sections from the candidates. 

In the time-series data L and G in Figure 3, gray dotted lines 
separate the line segments of the polygon. From the time-series 
data L, we extract candidates of the concave points (see blue 
points in Figure 3 L) with a maximum distance above Threshold1 
corresponding to each line segment. Then, from the time-series 
data G, we extract the concave points among the candidates (see 
red points in Figure 3 G) with a proportion above Threshold2. The 
proportion, which represents a degree of concavity, is calculated 
by dividing a length of the concave section by a length of 
corresponding line segment (see arrows in Figure 3 G). When the 
proportion is calculated, the interval of the concave section is set 
to each candidate value ± candidate value × 0.2 (see bars near the 
candidates in Figure 3 G). 

2.2.2 Verification Step 
The concave points which were obtained in the extraction step, 

however, are not reliable. In other words, it is necessary to verify 
whether the concave points extracted can be used for separation of 

 
Figure 2. The generation process 

of time-series data L and G. 

 
Figure 1. Touching-pigs including a curved-pig. 

 
Figure 3. The extraction process of concave points  

in time-series data. 



touching-pigs. Thus, we verify a validity of concave points by 
using valuable information which can be obtained from 
continuous video frames. We exploit concave points in the 
previous frame to determine the reliability of concave points in 
the current frame by flexibly aligning time-series data. 

To align the time-series data, we apply Dynamic Time Warping 
(DTW) algorithm [4]. Note that we are considering 24-h closed 
pig room monitoring and each isolated pig can be identified with 
current vision techniques. That is, we can assume that each pig in 
the previous frame has been identified individually. Therefore, the 
initial frame of touching-pigs’ sequence are always identified 
individually and we can obtain the concave points of the initial 
frame by expanding the shape of each pig until they touch each 
other. 

Before we apply DTW algorithm, we should make the previous 
and current time-series data applicable. The assumption of DTW 
algorithm is that the shape of each time-series data to be applied 
should be similar. However, in the previous and current time-
series data, the start point at the touching-pigs can be different. 
The different position of each start point would produce the 
different shape of time-series data. Thus, we compare the distance 
between the start point of the previous frame and vertexes of the 
polygon of the current frame. Then, the vertex which is the 
nearest one to the previous start point is selected as the new start 
point of the current time-series data. 

As the result of alignment, we obtain the prediction of concave 
points of the current frame. To verify the validity of concave 
points, we compare the distance between concave points from the 
extraction step and concave points from DTW. If the point from 
the extraction step and the point from DTW are near enough, we 
determine the point as a reliable concave point. 

2.3 Separation with Additional Information 
Additional information of a touching region is required for an 

accurate separation. Because, when there is one or no concave 
point extracted, we cannot separate touching-pigs without the 
additional information. In the proposed method, we utilize 
touching-pigs’ holes or center points as the additional information 
for segmentation. The overall separation process by using 
additional information is summarized in Algorithm 1. 

2.3.1 Hole 
If touching-pigs are slightly apart, or if any of the touching-pigs 

is a curved-pig, some holes may be created in the touching region. 
The holes indicate that they are contained in the touching region, 
and thus they can be used as important information for separation. 

When some contours other than touching-pigs’ outline are 
detected, we decide that the touching-pigs have some holes. We 
select two points with the longest distance in each hole and 
connect a line between the two points. If the number of holes is 
more than one, we connect all of the connected lines in each hole. 

We finally segment the touching-pigs using the concave points 
and the fully-connected line. If the number of detected concave 
points is two, we simply connect the concave points and the fully-
connected line. However, it is possible that there is one or no 
concave point. In this case, the additional information is usefully 
utilized. If there is only one concave point, we connect the 
concave point and the fully-connected line. If there is no concave 
point, we find a point in the touching-pigs’ outline which is the 
nearest one to the fully-connected line. We regard the point as a 
concave point in this case. Then, we set the opposite side of the 

concave point to a searching region, and find a point in a 
searching region which is the nearest one to the fully-connected 
line. Finally, we connect the found point, the concave point, and 
the fully-connected line. The finally connected line would be the 
separation line of the touching-pigs. 

2.3.2 Center Point 
When there is no hole in touching-pigs, we obtain a center point 

from the touching-pigs as additional information. Generally, 
center point extraction algorithms calculate an average coordinate 

Get_Additional_Information 
 
Input: touching-pigs’ frame, concave points 
Output: separated touching-pigs’ frame 
 
If any hole is detected 
 select two points with the longest distance of  

each hole 
 Connect(two points of each hole) 
 Connect(all of the connected lines in each  

hole) 
 Connect_And_Separate(concave points, 

fully-connected line of holes) 
else 
 create the touching-pigs’ skeleton using MAT 
 find the center point by skeleton-based 

contour tracing 
 Connect_And_Separate(concave points, 

center point) 

Connect_And_Separate 
 
Input: concave points, additional information 
Output: a connected line which separates touching-pigs 
 
If the number of concave points is 2 
 Connect(concave points, additional 

information) 
else if the number of concave points is 1 
 set the opposite side of concave point to a 

searching region 
 find a point in the searching region which is 

the nearest one by using the additional 
information 

 Connect(concave point, found point, 
additional information) 

else 
 find a point1 which is the nearest one by using 

the additional information 
 set the opposite side of point1 to a searching 

region 
 find a point2 in the searching region which is 

the nearest one by using the additional 
information 

 Connect(point1, point2, additional 
information) 

Algorithm 1: Segmentation with additional information 



value of overall or outline pixels [6]. However, these algorithms 
may extract a center point that is located outside of the outline. In 
such cases, the extracted center point is not applicable for 
separating touching-pigs. Therefore, we propose a center point 
extraction algorithm by using a skeleton of the touching-pigs. 

We first obtain the skeleton of the touching-pigs using medial 
axis transform (MAT) [4], and then find a center point by 
performing skeleton-based contour tracing from several start 
points simultaneously. When a start-point encounters a branch 
point during the tracing, contour tracing is stopped except for the 
last start point encountered. Since MAT is a time-consuming step, 
we reduce the image resolution before applying it to achieve real-
time execution. After the center point extraction, however, we 
perform the remaining steps with the original image resolution for 
an accurate segmentation. 

The segmentation process using the center point is similar to the 
segmentation using the fully-connected line explained. That is, the 
separation can be performed by substituting the fully-connected 
line with the center point. 

3. EXPERIMENTAL RESULT 
In our experiments, we set the resolution size to 640 × 480 pixels 

and the frame rate to 8 frames per second (fps). The camera was 
installed at 4m above the floor of a pig room that measured 4 × 3 
m2. With this initial setting, we obtained video sequences of 22 
weaning pigs in the pig room. 

We set the regions of interest (ROIs) to regions that include 2-
pigs touching cases extracted by GMM. As we converted the 
outline data into time-series data, we distinguished concave points 
of touching-pigs and concave sections of curved-pigs, and verified 
the reliability of concave points by aligning time-series data in 
continuous video frames. Additionally, we obtained previous 
time-series data and previous concave points of the first frame by 
using morphological dilation on individual 2-pigs until they 
touched each other. We finally separated touching-pigs by using 
concave points and additional information such as holes or center 
points. 

For comparison, we applied widely used segmentation methods 
based on Watershed [7] and K-Means [8]. However, Watershed 
method may not maintain identities of touching-pigs because of 
over-segmentation. In order to compare Watershed with the 
proposed method reasonably, we applied region merging [9] on 

the over-segmented results of Watershed.  

Figure 4 and 5 show the separation results using the proposed 
method in two sequences. Touching-pigs in sequence 1 (total of 
21 frames) contain some holes in a touching region, but touching-
pigs in sequence 2 (total of 20 frames) do not contain any hole. 
Also, the touching-pigs in both sequences include curved-pigs. As 
illustrated in Figure 4 and 5, we confirmed that the proposed 
method could separate the touching-pigs using concave points 
even though one of the pigs was a curved-pig. 

We calculated the segmentation accuracy for each sequence by 
dividing the number of identified pixels by the number of ground 
truth pixels. The comparison of the segmentation accuracy of each 
method is indicated in Table 1. We confirmed that the proposed 
method outperformed the widely used methods regardless of holes. 

Table 1. Comparison of segmentation accuracy 

 Sequence 1 
(with hole) 

Sequence 2 
(without hole) 

Watershed[7] 
+ Merge[9] 80.62±9.92 % 76.33±17.21 % 

K-Means[8] 48.05±0.88 % 43.25±0.24 % 
Proposed 
method 92.95±1.49 % 96.15±1.62 % 

 

We also measured an average computation time of the proposed 
method for both sequences. The experiment was performed on an 
Intel Core i7-4790 at 3.60 GHz with 8 GB RAM. The average 
computation time was 9.85msec, and it means the proposed 
method can be executed in real-time even if a given frame has 
multiple touching-pigs. 

4. CONCLUSION 
Caring for individual weaning pigs in group-housed pig 

management is important because of their weak immunity. 
However, it is difficult to caring individual pigs in Korean pig 
farms since administrators have to manage about 2,000 pigs per 
person. In order to reduce the working time for managers and 
allow the early detection of health or management problems, 
automatic management by using a camera-based surveillance 
system has been researched. However, current techniques for a 
tracking system identify touching-pigs as a single pig and cannot 
track individual pigs anymore.  

In order to solve the problem, we proposed a segmentation 
method for the 2-pigs touching cases in continuous video frames. 
We exploited valuable information such as concave points, holes, 
and center points for separation. Especially, we converted outline 
data into time-series data and verified reliability of concave points 
using time-series data of consecutive frames.  

Based on the experimental results, the proposed method can 
provide better performance for the 2-pigs touching cases than 
common segmentation methods such as Watershed and K-Means. 
In future works, we will develop segmentation algorithms for 
more than 3-pigs in order to flexibly apply the algorithms to the 
monitoring system. 
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Figure 4. The separation results  

using the proposed method in Sequence 1 with holes. 

 
Figure 5. The separation results  

using the proposed method in Sequence 2 without a hole. 
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