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ABSTRACT 
In a surveillance camera environment, detecting pigs in a pig 

room is an important issue in terms of automatic management. In 
addition, it is important to analyze the area of lying-pigs in order 
to estimate the temperature of a pig room. However, it is difficult 
to recognize whether the pigs are lying or standing from RGB 
data because the data do not have any height information. In this 
study, we propose a method to detect lying-pigs by using depth 
information obtained from a 3D Kinect camera. According to the 
experimental results, we confirmed that the proposed method 
could detect lying-pigs by using a difference of the depth 
information between pigs and floor. 
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1. INTRODUCTION 
Every pig farm in Korea has a structure of concentrated 

breeding. The structure of the pig farm induces stress to pigs and 
makes their immunity weak. In addition, it is vulnerable to an 
infectious disease such as foot-and-mouth disease. That is, the 
careful management of the pigs is required to prevent the disease 
occurred with the pigs. However, it is impossible to carefully 
manage pigs because each farm administrator has to manage 
2,000 pigs on the average. 

Recently, researches for welfare of breeding animals in the 
livestock have been increased. For example, automatic monitoring 
systems for abnormal situations in a surveillance camera 
environment have been reported [1-2]. In addition, a research for 
pig’s behavior using a RGB camera has been reported [3]. 
Especially, caring weaning pigs (21 or 28 days old) is the most 
important issue in the pig management because of their weak 
immunity. One of the important factors for caring pigs is adjusting 
the optimal temperature which makes the pigs comfortable in the 
pig room. However, these approaches cannot meet the pig’s 

thermal needs because it does not integrate the effects of other 
factors such as drafts, humidity, radiation, and floor 
type/condition. To solve this problem, computer vision-based 
solution has been reported to evaluate the thermal comfort with 
image analysis of resting behavior of group-housed pigs as shown 
in Figure 1. Figure 1 (a) shows the scattered pigs when they feel 
comfortable, whereas Figure 1 (b) shows the gathered pigs when 
they feel cold.  

 
In this study, we propose a method to detect pigs by using the 

depth information obtained from a 3D Kinect camera installed in a 
pig room. It is well known that the task of background subtraction 
with a static camera to be much easier for depth images than for 
color images because the depth images do not have the color-
related problems such as shadow [5]. Because of the possible 
noise and unreliable depth value measured from the low-cost 
Kinect camera, however, we need some procedures to handle 
these problems.  

First, preprocessing is conducted for removing noise. For 
example, spatial interpolation method is performed by scaling the 
background image to reduce the noise, and the background image 
is generated through the mode of each pixel which is accumulated 
by ten minutes in the empty pig room. The same method 
performed in the background image is also applied to the input 
image, and temporal interpolation method is applied to 
downsample the input image from a rate of 30 frames per second 
(fps) to a rate of 10 fps. In this case, pigs can be detected by 
subtracting the depth information between the spatiotemporal 
interpolated input image and the background image. Then, we 
adjust the boundaries of detected objects by applying morphology 
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(a) Pigs feel comfortable        (b) Pigs feel cold 

Figure 1. Automatic Assessment of Thermal Comfort by 
using Computer Vision Techniques [4]. 



operations. Finally, the lying-pigs can be detected if their area 
corresponds to a specific range. To the best of our knowledge, this 
is the first study for automatic detection of lying-pigs in a group-
housed pig room using depth images from a 3D Kinect camera. 

 

2. RELATED WORK 
Images from a RGB camera are affected by various 

illuminations in a pig room. Especially, a monitoring system 
based on a RGB camera cannot detect objects in low- to no-light 
conditions. As shown in Figure 2, the pigs on the lower left corner 
and the pigs on the upper right corner have different RGB values 
due to an illumination. Because of the characteristics of the RGB 
camera, there is a serious vulnerability that the camera is highly 
affected by light. For example, the pigs cannot be detected from 
the image affected by the strong illumination such as a heating 
lamp. In addition, we cannot recognize whether pigs are lying or 
standing because it is a 2D camera. A pig shown in red box in 
Figure 2 is standing and other pigs are lying. However, the system 
cannot recognize if they are lying or standing because images 
from the RGB camera do not include any information for pigs’ 
heights. Therefore, the pigs cannot be recognized whether they are 
lying or standing. 

 
In contrast, a 3D Kinect camera may be used for solving these 

problems. The images obtained from a 3D Kinect camera are not 
affected by an illumination, and we can detect pigs in low- to no-
light conditions. Figure 3 shows images from a RGB camera, 
while Figure 4 shows images from a 3D Kinect camera. The left 
images in Figure 3 and 4 are obtained at daytime, whereas the 
right images in Figure 3 and 4 are obtained at nighttime. 

 

  

 
In addition, it is also possible to detect lying-pigs by using 

difference of the depth information between the lying- and the 
standing-pigs. Although a 3D Kinect camera has an advantage of 
3D information such as pigs’ height, there are many noises and 
the inconsistent depth information in the image obtained from a 
3D Kinect camera.  

For the purpose of illustration, a background reference image 
was generated by using minimum, average, and maximum value 
of each pixel [5] in the recorded images for ten minutes from the 
empty pig room. Then, a frame difference image was generated by 
subtraction between the reference and an input depth image. 
Finally, pigs in the pig room were detected with the frame 
difference image by using Otsu algorithm [6]. As shown in Figure 
5, however, this typical method for a 3D camera could not 
accurately detect pigs according to the noises and inconsistent 
depth information. In this study, therefore, we propose a method 
for detecting pigs accurately by generating a background model 
carefully.  

 

 
 

3. PROPOSED APPROACH 
The proposed method to detect pigs with a top-view camera 

installed in a pig room is as follows. First, we obtain the 
background image in which there are no objects, and then we also 
obtain the frame difference image by subtracting the depth 
information between the background image and an input image. 
Finally, we apply binarization by using the Otsu algorithm [6]. 
We summarize the overall procedure of the proposed method in 
Figure 6. 

 

Figure 2. An Image obtained from a RGB camera. 

(a) daytime                     (b) nighttime 
Figure 3. Daytime and Nighttime Images obtained 

from a RGB camera. 

(a) daytime                     (b) nighttime 
Figure 4. Daytime and Nighttime Images obtained 

from a 3D Kinect camera. 

(a) Minimum                (b) Average                (c) Maximum 
Figure 5. Results from Background Subtraction with 

Minimum, Average and Maximum Values. 



 

3.1 Background Generation 
As shown in Figure 4, it is difficult to distinguish pigs from 

floor because the depth information of pigs is similar to that of the 
floor. For example, although one of the pixels is on the same 
positions, it has different pixel values of 76, 112, and 96, 
respectively. In addition, a 3D Kinect camera has a maximum 
distance constraint, and the noise in the depth information image 
increases drastically if the distance exceeds the range constraint. 
Therefore it cannot be trusted. To solve these problems, we create 
a background image with the most frequent value of each pixel 
(Figure 7 (b)). Then, we apply spatial interpolation method for 
reducing four pixels with one pixel (Figure 7 (c)). For some pixel 
locations, however, the interpolated pixels may not be similar to 
adjacent pixels. In order to solve this problem, we apply line-
filling which replaces such pixel value with the average of 
adjacent pixel values in the same row (Figure 7 (d)). We 
summarize the overall procedure of the background image 
generation in Figure 7. 

 
 

3.2 Thermal Comfort Assessment 
We apply the same spatial interpolation method to the input 

depth image, and we also apply the temporal interpolation method 
for reducing three consecutive images with one image. After that, 
we obtain the frame difference image by subtracting the depth 
information between the spatiotemporal input image and the 
background image. We then perform the bounding correction 
through the morphology operation. Finally, we determine whether 
the objects are pigs or noise after calculating the area of the 
objects using Connected Component Analysis (CCA) [7]. If their 
area is less than a certain area, we regard it as noise and remove it.  

Note that, the result of the frame difference image between the 
background image and the input image means a distance away 
from the floor. Lying-pigs are more likely to have a smaller 
distance value because they are closer to the floor than standing-
pigs. That is, we propose a method to detect lying-pigs as well as 
standing-pigs by using the distance values only although detecting 
lying-pigs is much difficult than detecting standing-pigs. In 

addition, we can adjust temperature automatically by calculating 
the area of lying-pigs in the pig room. 

 

4. EXPERIMENTAL RESULTS 
The proposed method was implemented by Intel ® Core™ i5-

750 2.67GHz, 8GB RAM, Visual Studio 2015, and OpenCV 3.1 
which is a library of image processing. The camera was located 
4m above the floor to monitor a pig room of 4×3 m2, and there 
were 13 weaning pigs in the room. We obtained video frame 
images having resolution size of 512×424 pixels. 

In a subtracted image between the background image and an 
input image, the pixel value between the lying-pigs and the floor 
was from 6 to 15, and the pixel value between the standing-pigs 
and the floor was from 10 to 30, respectively. We divided the 
image into three parts by setting the thresholds as 5 (i.e., floor vs 
lying-pigs) and 12 (i.e., lying-pigs vs standing-pigs).  

As shown in Figure 8, for example, the black color means the 
background (i.e., floor), the white color means the lying-pigs, and 
the grey color means the standing-pigs. Because it is difficult to 
identify pigs from the depth image, the corresponding color image 
is shown in Figure 8 (a) for the purpose of explanation. At some 
pixel locations of the distance values, however, both lying-pigs 
and the standing-pigs were overlapped (see Figure 8 (b)). Even 
though the standing-pigs were represented by a grey color, the 
lower part of the pixel values was shown as white. Similarly, even 
though the lying-pigs were represented by a white color, the upper 
part of the pixel values was shown as grey. By applying CCA to 
such case, we could solve the overlapping problem (see Figure 8 
(c)).  

 
In the experiment, we used 177 images including 13 pigs per 

frame, and there were a total of 1489 lying-pigs among a total of 
2301 pigs. For measuring the detection accuracy of the pigs “at 
the pixel-level” compared with the ground truth data, we 
classified the detection results as four cases: the case of detecting 
lying-pigs as lying-pigs (TP); the case of detecting lying-pigs as 
non-lying-pigs (FN); the case of detecting non-lying-pigs as lying-
pigs (FP); the case of detecting non-lying-pigs as non-lying-pigs 
(TN). TP was 63.9%, FN was 36.1%, FP was 3.9%, and TN was 
96.1%, respectively. Table 1 shows comparisons of FPR, FNR, 
and accuracy obtained by proposed method (background 
generation using most frequent values) and typical methods 
(background generation using minimum, average, and maximum 
values) [5]. That is, the pixel-level accuracy of the proposed 
method was 80% (although we detected 1487 lying-pigs correctly 
from a total of 1489 lying-pigs), and we confirmed that the 
performance of detecting lying-pigs using the proposed method 
was acceptable. 

Figure 6. Outline of the Proposed Method  

Figure 7. Background Image Generation (a)   Input Image    (b) Initial Output    (c) Tuned Output           
Figure 8. Results of detecting Lying-pigs (white) and 

Standing-pigs (grey). 



Table 1. Performance Comparison in Detecting Lying-Pigs 

Methods FPR FNR Accuracy 
Proposed 
Method 

Using 
most 

frequent 
values 

3.9% 36.1% 80.0% 

Typical 
Method 

[5] 

Using 
minimum 

values 
5.0% 72.9% 61.0% 

Using 
average 
values 

2.8% 74.4% 61.3% 

Using 
maximum 

values 
5.7% 96.1% 49.0% 

 

5. CONCLUSION 
The automatic detection of pigs in a surveillance camera 

environment is an important issue in terms of the efficient 
management of pig farms. However, pigs could not be detected at 
night through the input image obtained from a RGB video. 
Furthermore, it is difficult to distinguish between standing-pigs 
and lying-pigs with the RGB image. 

In this study, we focused on detecting lying-pigs in order to 
analyze the area of lying-pigs for estimating the thermal comfort 
automatically. That is, we proposed a method to detect lying-pigs 
by using depth information obtained from a depth camera such as 
a 3D Kinect camera. In the preprocessing step, the noise in the 
depth image was removed by applying spatiotemporal 
interpolation method to consider limitations on the low-cost depth 
camera. Then, we detected the lying-pigs by subtracting the depth 
information between the background and the input depth image. 
Based on the experimental results from 177 video frames with 
1489 lying- and 812 standing-pigs, we could correctly detect 1487 
lying-pigs and 810 standing-pigs. 
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