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Image-processing algorithms for
behavior analysis of group-housed pigs

J. HUand H. XIN
Iowa State University, Ames, Iowa

Computational algorithms of image processing were developed and evaluated to select, by motion
detection, images of resting artificial pigs and to segment the pigs (mixture of black and white pigs)
from their background. Motion detection of the pigs was implemented by detecting interframe differ
ences of postural behavioral images. This algorithm combines the advantages of likelihood ratio
method and shading model method and shows a stable performance under noisy and dynamic illumi
nation conditions. Segmentation of the pigs from their background was implemented by employing
multilevel thresholding and background reference techniques. The algorithm automatically determines
the number of thresholds needed and produces satisfactory segmentation when both black and white
pigs with different image intensities are present at the same time (the most complicated situation). The
reference background image is updated so that temporal changes in illumination and/or spatial changes
of the pen condition have little effect on the performance of image segmentation. The algorithm em
ploys statistical models of the pigs and background and Bayes hypothesis testing to obtain and update
the exposed portion of the reference background. Linear filters were used in this process for updating
the parameters. These algorithms will serve as essential components for a novel, behavior-based, inter
active approach to assess and control thermal comfort of group-housed pigs, which is expected to re
sult in enhanced animal health and well-being.

The dependence ofanimal well-being and the resultant
production performance on the thermal environment ne
cessitate efficient environmental control. It is well known
that animal thermal comfort is affected by not only air tem
perature but also other factors such as drafts, radiation,
floor conditions, nutritional plane, and health state (Boon,
1981; Geers, Goedseels, & Parduyus, 1986). However,
the standard method for assessing and controlling swine
housing environment has been based on air temperature.
This method, though providing some degree ofprotection
on the well-being ofthe animals, is not interactive with the
animals because it fails to integrate all other influencing
factors. Consequently, a seemingly ideal air temperature
can be a mismatch to the animal's real environmental needs.

Animal behavior-based environmental control has been
proposed to overcome the shortcomings of the conven
tional controllers. The rationale is that animals are the
integrators to all the physical, nutritional, and physiolog
ical factors, and, therefore, they are the best sensors to in
dicate the adequacy ofthe environment. Some initial work
was conducted by Wouters et al. (1990) and Geers et al.
(1991). However, the specially designed temperature gra
dient pigpen and the dependency of animal occupation
percentage on body size and age, as used or revealed by
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these researchers, present challenges for realizing sud
an automatic system on a commercial production scale
Xin and Shao (1997) proposed a six-step, behavior-basec
system to automatically assess and control swine therma
comfort (Figure 1). A feasibility study by Shao, Xin, anc
Harmon (1997) used artificial neural network (ANN
analysis of swine postural behavior images to classif
their thermal comfort state, and the results were promis
ing. The authors then investigated the efficacy ofvariou:
feature extraction methods for the ANN classificatior
(Shao, Xin, & Harmon, 1998). They further pointed ou
the needs for automatic selection of the postural image!
and automatic segmentation of the pigs from their back
ground for subsequent ANN classification (Shao, 1997)
Although numerous methods have been developed in the
general area (Pal & Pal, 1993; Sahoo, Soltani, Wong, &
Chan, 1988), automatic image segmentation remains one
of the most difficult tasks in image analysis because of it!
application-specific nature.

The objective of this study was to develop image
processing algorithms for automatic selection ofpostura
behavioral images by motion detection and segmentatior
ofyoung pigs in order to facilitate future implementatior
of the proposed behavior-based assessment and contro
of the animal thermal comfort.

METHOD

Experimental Setting and Data Collection
A commercial, orange-colored plastic slat floor for young pigs wa:

used in a lab-scale setting ofthe imaging system. Artificial pigs (botl
white and black colors) in resting position were made from enlarge!
color photographs taken from previous live animal trials. The pig:
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Figure 1. Block diagram of behavior-based assessment and control of swine thermal comfort
(Xin & Shao, 1997). HVC, heating, ventilation, and cooling.

were placed on the floor ofthe pigpen to form postural behavior pat
terns representing resting patterns under various (cold to hot) thermal
conditions. A centrally located CCO camera overseeing the pigpen
was used along with frame grabber and software (Matrox Electronic
Systems Ltd., Dorval, Canada) installed in a PC to capture the ex
perimental images. l\Iumination level was constant for a given set of
captured images, including the background reference images and the
behavioral images. All images were digitized into 256 intensity levels.
Hu (1998) gave a more detailed description of the system setup.

Computer-generated image sequences of objects satisfying cer
tain statistical properties (normally distributed with certain mean
and variance) were also used to develop and evaluate the algorithms.
System noise in this application was assumed to be additive and
normally distributed with zero mean.

Image Motion Detection
Motion detection was used to select postural images of the rest

ing pigs. This is needed because pigs in motion would generally not
reflect the thermal conditions. Besides changes due to the pigs' move
ment, differences between images may also result from changes in
illumination and/or noise during the digitizing process. Differences
caused solely by feeding and manure dropping during the short time
of capturing image sequences are much smaller than those caused
by movement and illumination change and can be handled by se
lecting proper threshold. The objective was thus to find the motion
detection method that would be robust to noise and illumination
changes and could produce a reliable binary result: static or moving.

Likelihood ratio method. Several methods of using a block of
adjacent pixels to reduce the sensitivity to noise have been devel
oped. The commonly used statistics are the mean and variance of
'individual blocks. Yakimovsky (1976) used a likelihood ratio to de
termine whether two neighboring regions in the same image can be
merged. It has been generalized for comparing regions of two con
secutive frames of the same scene in an image sequence to detect
motion. This likelihood L(i) is calculated as:

. [(<1i1- <1i~)/2+«,uil - ,uiz)/2)zj2
L(l) = Z Z

<1il<1i2

where ,uil and (ji~ are the mean and variance of region i in frame I;
,ui2 and <1j are the mean and variance of region i in frame 2. If the
likelihood ratio is less than a given threshold, these two areas are con
sidered to come from the same intensity distribution, and, thus, no
object motion has occurred.

Shading model method. Shading models are used for computer
graphics. Skifstad and Jain (1989) used the shading model method

to improve the performance ofmotion detection under changing il
lumination. This improvement stems directly from its definition of
intensity f(x,y) as the product of illumination I and a pixel-based
shading coefficient S(x,y); that is,

f(x,y) =I * S(x,y)

S(x,y) = Cp * [cos(i) * (I - d) + d] + Wei) * [cos(s)]",

where Cp is the reflection coefficient of the object at point P for a
certain wavelength; i is the incident angle; d is the environmental
diffuse reflection coefficient; Wei) is a function that gives the ratio
of the specular reflected light to the incident light as a function of
the incident angle; s is the angle between the direction ofthe reflected
light and the line of sight; and n is a power that models the specu
lar reflected light for each material.

Shading coefficient S(x,y) is only related to the physical surface
structure of the objects and the reflection properties of the surface
material and is independent ofillumination. Motion detection method
based on this concept should thus be insensitive to illumination
variance. Because it is difficult to obtain S(x,y) without prior knowl
edge of the objects in scene, the intensity ratio of the same regions
of the two frames is used:

fi(x,y) = II * SI(x,y)

fi(x,y) 12* S2(x,y)

If there is no object motion and thus no change of the associated
physical structure, then

SI(x,y) = Six,y)

fi(x,y) =!.J...
fi(x,y) 12

In any block of the image, all the intensity ratios between the pairs
of pixels at the same location of two successive frames either equal
unity if illumination is constant or equal some constant number if
illumination changes. Under both situations, however, the variance
of the ratio for that region equals zero. If there do exist motions of
the objects in the scene, regardless of whether or not illumination
changes, the variance of that ratio will be larger than zero because
ofthe resultant changes ofphysical structure due to motion. There
fore, a nonzero variance indicates object motion, and it is insensi
tive to illumination change in this model.

In applying this method, successive frames need to be divided into
blocks, and the variance of the intensity ratios of pixel pairs within
each block is calculated. Thresholding will then classify each block
into motion or still group.
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Image Segmentation
The final output of the image segmentation in this application

was a binary image with the pigs in white pixels and the background
in black pixels. This was done by automatic multilevel optimal
thresholding. For every level i, starting from I to a maximum num
ber of thresholds C estimated beforehand on the basis of the appli
cation, an optimal threshold vector T= [t1, t2, ••• , til was obtained
automatically that maximizes an optimality measure O( T). Among
the obtained threshold vectors for different levels, a homogeneity
measure U( T) was used to automatically select the vector that max
imizes the homogeneity as the final output. Because ofthe use ofdif
ference image and extended histogram (described below), thresh
olds located on the nearest right side and left side ofzero were used
to remove the background. The steps are listed below.

Background reference image formation. Five floor images
were successively captured, and an average image was computed to
represent the initial pig-free background condition. On the basis of
this arrangement, it is reasonable to treat the reference image as a
noise-free image whose pixels have the mean intensity values ofthe
individual images at the corresponding pixel locations, assuming that
the intensity value at every pixel is a random variable.

Difference image and extended histogram. The difference
image was formed by subtracting the reference image from a pig
laden image. If the illumination condition has not changed notice
ably since capturing ofthe reference image, the differences between
the pairs of the corresponding background pixels will be around
zero. Hence, significant difference values would arise from subtrac
tion between the object pixels and the background pixels. Although
the specific threshold values cannot be easily obtained, the ranges
of those values can be known. The subtraction also eliminates the
possible peaks in the histogram stemming from the background re
gions. An extended histogram can be obtained by extending the in
tensity level range to 512 (i.e., from -256 to 255). The extended
histogram allows separation of the positive and negative values in
the difference image. This arrangement makes it more meaningful
to employ the multilevel thresholding technique because optimal
thresholds can always be computed independent ofthe shape ofthe
histogram.

Multilevel optimal thresholding. An iterative multilevel thresh
olding technique was proposed by Yin and Chen (1997) for finding
optimal multilevel thresholds to greatly reduce computational com
plexity of the direct extension of the optimal bi-level thresholding
method to the multilevel case, which is usually an exhaustive search
process. This multilevel optimal thresholding algorithm is illus
trated by the flow chart shown in Figure 2. The final output from the
above algorithm is an optimal threshold vector T= [t1, t2 , ••• , tel
whose elements are the optimal thresholds. Two measures (i.e., op
timality and homogeneity) are employed to guide the selection of
the final result.

Optimality measure. Several optimal measures have been pro
posed for obtaining optimal global threshold (Lee, Chung, & Park,
1990). However, not all of them are suitable for multilevel cases and
iterative procedure. In the present study, optimal measures from Ka
pur, Sahoo, and Wong (1985) and Otsu (1979) were tested. The fol
lowing are functional expressions for the bi-level and multilevel op
timal measures.

Functions for bi-level optimal measures:
Kapur: O(T) = Ho+ HI

1

I-I P 1 I-I
J1.0 = - I,i *i- Wo = - L P;

;=0 0 ;=0

L-I p L-I

J1.1 = - Li*i- WI = - L P;
;=1 I i=t

Functions for multilevel optimal measures:
Kapur:

c
O(T) = 'I,Hk

k=O

,,., P P
H, ='I,-Lln-L

i=I, Wk Wk

/.1:+1- 1

wk= 'I, P;
i=tk

Otsu:

c
O(T) = L Wk *Wk+1 * (J1.k - J1.k+I)2

k=O

',+1-1 P
J1.k = 'I, --d-

i=tt k

'.t+I-l

Wk= 'I, P;
;=1"

where i is the intensity level in the histogram, P, is the number of
occurrence oflevel i in the image, L is the maximum intensity level
of the image (256 for 8-bit image), C is the maximum number of
thresholds inclusive of the final optimum thresholds (derived from
inspecting the histogram), K is the current number ofthresholds for
determination ofthe optimum thresholds, and toto tk+ 1 are the cur
rent thresholds where to=0 and tk+ I =L - I. Optimum thresholds
are those that correspond to the maximum optimal measure values.

Homogeneity measure. The commonly used uniformity mea
sure was originally proposed by Levine and Nazif(1985),and it was
based on the fact that uniformity of a feature over a region is in
versely proportional to the variance ofthe values ofthe feature eval
uated at every pixel belonging to that region. It has the form of

- 2

Ua=I- 2*C*f 'I, (/; - Jj ) ,
j=O iER j [Aa*(lm3x - Imin)2]

where a= image range under consideration;

Aa= area ofameasured in the number of pixels;

Rj = (j = 1,2, ... , C), regions in a;
C = total number of regions;

/; = feature value of pixel i belonging to region Rj ;

lj = mean feature value within region R
j

;

Imin = trJr/;;
Imax = max/;o

lea

Reference Image Updating
Updating of the reference image is needed because changes in

the background conditions are generally inevitable. These changes
may include color fading of the floor or surrounding walls, varia
tion in illumination, shadows of the objects, pig manure on the
floor, and so on. The algorithm developed in this study is based on
statistical hypothesis testing. It aims to exclude the pixels that are
influenced by the presence of pigs and to update the exposed por
tion ofthe background reference image-a process that minimizes
distortion to the reference image.
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Figure 2. A flowchart illustration of multilevel thresholding based on the algorithm by Yin and Chen (1997).

Assumptions. Noise signals at different pixel positions are ad
ditive, independent, and identically distributed normal random vari
ables with zero mean and variance (J,~. Intensity values of pixels
within the image are random variables independent of one another.
Reference image is a noise-free image, and the intensity value at

every pixel in this image is the mean value of the intensity variable
at that position. Thus, the intensity distribution ofa captured back
ground image I at pixel (x,y) can be expressed as a normal distrib
ution. Intuitively, the variance of this normal distribution can be ini
tially estimated by computing the intensity variance in the difference
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The decision ofobject versus background pixels will be made us
ing the following Bayes rule, where L is the likelihood ratio and Tis
the threshold:

image between two background images. Intensity values at pixel 10
cations belonging to objects (white or black pigs) are also assumed
to have normal distributions.

Models. If the pixel at (x,y) in the captured image belongs to the
background, it is treated as the background event. If it belongs to
the object, it is treated as the object event. The intensity distribu
tions F(x,y) can be modeled as

Background:

F(x,y) - N[Jr(x,y),<1~] = _1_ exp{- [J(x,y) - f~(x,y)f }
~2lf<1n 2 *a;

Object: F(x,y) - N(tIo' <1;)

I
F(x,y)- L'

where j,.(x,y) is the mean intensity in the reference image at the
same location as the pixel under examination, <1; is the variance of
the noise signal, u; is the mean intensity of pixels belonging to the
objects (white or black pigs in this case), and <1; is the correspond
ing variance. If normal distribution cannot be assumed under cer
tain situations or the mean and variance cannot be estimated, the
targeted object distribution could be modeled as uniform distribu
tion, with L being the maximum intensity level.

Hypothesis testing. When only black or white pigs are present
in the scene, it can be handled as a binary hypothesis-testing prob
lem. However, when both white and black pigs are present, three
way hypothesis testing would be a better model for the decision
making.

For binary hypothesis testing, the hypotheses Ho and HI corre
sponding to the background event and the object event under nor
mal distribution and uniform distribution are

if

i = 0, I, ... , M - IHi : F(x,y) - Pi

8[f(x,y)] = k

M-I M-I

}:,.njCkjPj [f(x,y)] = min LlfjCijPj [f(x,y)].
j=O I j=O

Updating reference image. The following weighted linear fil
ter was used:

This is a simple temporal, low-pass filter that recursively adjusts
the intensity mean ofevery background pixel. Ais the filter coeffi
cient that weighs the relative importance of the original value and
the newly captured value. Its value can be chosen on the basis ofhow
fast the image scene changes. The slower the change, the larger the
value of A.

Assuming that the size ofmanure on the floor is much smaller than
that of the pigs, a size threshold can thus be set to classify the pix
e�s of manure into those of the background.

Estimation and updating ofparameters. <1; can be estimated
from the difference image between two background images. u; and
<1; can be estimated originally from the segmented images ofblack
or white pigs. On the basis ofour observation and experimental re
sults, it is reasonable to assume that the pixel intensity of the (white
or black) pigs have a normal distribution with a mean of tIo and a
variance of <1; for each white- or black-colored pig. The estimated
parameters oftIo' <1;, and <1; can be updated on the basis ofthe seg
mentation result using the same technique for updating reference
image. For example, <1; is updated using the following linear filter
that acts on the exposed background regions:

<1;(k+ I) = a<1;(k)+ (I - a)<12 o~a~ 1.

lfj is updated by calculating the area occupied by the pigs and the
area of exposed background.

All the algorithms were originally implemented under UNIX
system using DEC Alpha workstation of 300-MHz speed by pro
gramming under the MATLAB 5.2 and Image Processing Toolbox
2.0 environment. They were later tested under MATLAB 5.2
environment on a Windows 95 Pentium 400 PC. Some images from
the Image Processing Toolbox were used to test the algorithms. A
graphic user interface (GUI) was developed to demonstrate the ef
fectiveness of the algorithms. Snapshots of the GUI are shown in
Figure 3.

j,.(x,y) =Aj,.(x,y) + (I - A)f(x,y)

RESULTS AND DISCUSSION
L[f(x,y)] < T

L[f(x,y] ~ T

Uniform Distribution:

Ho: F(x,y) - N[j,.(x,y), <1;]

I
HI: F(x,y) - L'

O[!(X,y)J = 1:

Normal Distribution:

Ho: F(x,y) - N[j,.(x,y), <1n
HI : F(x,y) - N(p,o, <1;)

L[f(x,y)] = PI [f(x,y)]
Po[f(x,y)]

lfo(CIO - Coo)
T= .

lfl(COI - CII)

lfj represents the prior probability that hypothesis} is true. In this
application, if we assume that the possibility ofpig location is com
pletely random, lfl can be estimated as the ratio of the area (num
ber of pixels) occupied by pigs to that of the whole image. lfo can
be estimated as the ratio ofthe area ofthe exposed background to that
of the whole image. Cij is the cost of accepting hypothesis i when}
is actually true. Its value was chosen so that the largest cost was as
signed to the most unwanted error. The absolute value of C; is not
important because ofits ratio relationship with ras long as aleC;:ij are
10 the same range. They were selected 10 the range of 0 to I 10 our
experiment.

When both white and black pigs are present in the scene, the hy
pothesis testing becomes a three-way test. In general, for M-way
hypothesis testing, the hypotheses and decision rule become

Image Motion Detection
Block size influences motion detection results. The ex

periment showed that larger block sizes lead to lower mis
classification rates. Selection ofblock size should be con
sistent with the intensity distribution of the pixels so that
enough information is available within the block to ac
curately describe the distribution. This implies that block
size is related to the size of the object under considera
tion and the distance between the camera and the object.
The larger the object is in the scene, the higher percent
age ofthe image will change due to motion of the object,
and the larger the block size should be. In the case ofnor
mal distribution, an intensity distribution of large vari
ance requires a large block size to minimize misclassifi
cation rate. In our experiment, this effect was apparent
when block size was small. Once having reached a certain
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Figure 3. Snapshots of GUI used in the swine behavior image processing.
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level, further increase in block size will no longer produce
improvement on classification rate.

However, further improvement could be obtained by
inspecting motion detection results of the neighboring
blocks of the block under examination. This is because

a) lower illumination

c) before intra-frame likelihood inspection

d) after intra-frame likelihood inspection

Shading model method (Threshold = 0.01)

if a motion has occurred in the scene as detected by one
block, that motion would also affect the neighboring
blocks. Thus, motion detection results ofthe neighboring
blocks could be used to reduce potential errors caused
by noise.

b) higher iUumination

e) before intra-frame likelihood inspection

f) after intra-frame likelihood inspection

Likelihood model method (Threshold = 20)

Figure 4. Advantage of the shading model method under changing illumination.



a) frame 1

b) frame 2

c) frame 3

d) shading (threshold = 0.006)
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e) shading (threshold = 0.01)
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f) likelihood (threshold = 1.8)

g) likelihood (threshold = 15)

h) result (threshold = 15,0.01)

Figure 5. Motion detection ofthe swine behavior image using a combination ofthe shading model method and the like
lihood ratio method.
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An example of motion detection when illumination
changes between images is shown in Figure 4. The first
frame was captured under a lower illumination and the
second frame under a higher illumination. Two changes
or motions were made to the high-illumination image: a
slight upward movement of the black circular object and
addition of a pen. As can be seen, the likelihood ratio
method (Figures 4e and 4f) completely failed to detect
these two changes. This failure was attributed to the fact
that a single threshold value was insufficient to distin
guish the changes from the higher responses caused by

the illumination change in other regions, such as the black
disk. In comparison, the shading model method (Figures
4c and 4d) detected the two, thereby showing its total im
munity to the illumination variation. The effects ofintra·
frame inspection on reducing detection error are alsc
shown in the figure. The intraframe inspection eliminated
isolated blocks incorrectly detected at other locations

Different threshold values also affect the motion detec
tion result. Our experiment showed that, for the likeli
hood ratio method, the optimal threshold is dependent on
the surface properties of the objects. The shading model

211

100 150

InlfiUtyL"".
..lOG

166

100 ;50

lntenlitylevel
Quarter

163(196

!
!

I

100 150

InleneityL.....

I..
J

NormalS

j..
j
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Figure 6. Results of multilevel optimal thresholding of selected testing images using Otsu (1979) and Kapur (Kapur et al., 1985) measures.
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Table 1
The Hierarchical Thresholds and Homogeneity Measures of Tested Images

Kapur Otsu

[mage Homogeneity Threshold Order Homogeneity Threshold Order

Quarter .9610 211 .9660 166
.9598 135 215 .9633 124 189
.9321 135 215 235 .9556 98 124 189
.9313 122 166 215 235 .9553 98 120 151 203
.9304 III 145 181 215 235 .9547 98 120 134 151 203
.9050 103 129 161 220 235 .9546 98 120 126 134 151 203

Normal5 .9646 123 .9643 132
.9658 69 [51 .9743 88 174
.9811 65 104 163 .9621 74 131 187
.9910 65 104 163 196 .9911 65 100 148 195
.9902 65 104 163 196 211 218 .9879 64 94 117 142 169 208

Cameraman .7795 193 .9302 89
.8102 128 193 .9258 67 144
.8771 44 104 193 .9314 31 67 144
.8830 44 97 146 197 .8913 31 67 144 172
.8800 24 61 100 146 197 .8723 31 91 130 153 175
.8657 24 60 96 126 157 196 .8688 31 91 130 153 175 204

Note-"Kapur" refers to Kapur et al. (1985); "Otsu" refers to Otsu (1979). Valuesin bold represent the final
results.

Note-Values in bold represent the final results.

Table 2
The Hierarchical Thresholds and Homogeneity Measures
ofSwine Postural Images Using the Otsu (1979) Criterion

butions with the same variance of 25 and different in
tensity means of 50, 80, 130, 180, and 210. The image
"Cameraman" is a multiple-class case whose number of
classes is unknown. The final thresholds are indicated on
the corresponding histograms. Although the results from
these two optimality measures differed somewhat, they
both showed the effectiveness of extending the bi-level
global thresholding method to multilevel case using the
algorithm described above.

Data on the hierarchical thresholds and uniformity mea
sures used to determine the optimal thresholds are shown

method can be more sensitive because more regions in
fluenced by a motion can be detected, except for the un
covered or newly covered regions that the likelihood ratio
method usually detects. There were situations in which
the shading model method failed while the likelihood
method succeeded. An example is that a moving object
had a small variance and a small mean change relative to
that of the background. Under such situations, combin
ing both methods would produce a more reliable result.
This is the approach we used for motion detection of the
swine behavioral images.

As shown in Figure 5, three swine behavior images
were captured to form an image sequence where the top
white pig had a right-down movement (~x = 1°pixels,
~y = -10 pixels) and the black pig had a left-up move
ment (~x =-10 pixels, ~y =10 pixels). The lower white
pig did not move. In obtaining the final result, inspec
tion of the motion detection results of the neighboring
blocks within the same frame and between two consecu
tive frames was used. The results from both the likeli
hood ratio method and the shading model method were
combined (i.e., an OR operation). A relatively high thresh
old (15) was used for the likelihood ratio method and a
relatively low threshold (0.01) was used for the shading
model method. The result was quite satisfactory.

Image Segmentation
The performance of the multilevel optimal threshold

ing method was first evaluated with three unrelated test
ing images before being applied to the segmentation of
the pigs. Figure 6 shows the original image, its his
togram, and the multiple thresholds obtained with Otsu
(1979) or Kapur (Kapur et al., 1985) optimal measures.
The image "Quarter" is a two-class case, and the image
"Normal'S" is an artificial image of five normal distri-

Image

White pig

Black pig

Mixture of
black and
white pig

Homogeneity

.9949

.9975

.9977

.9974

.9977

.9979

.9930

.9891

.9945

.9952

.9947

.9948

.9876

.9903

.9942

.9942

.9949

.9951

.9945

.9944

Thresholds Order

328
305 400
299 366 424
257 301 367 424
257 292 342 382 432
257 286 330 362 399 441

241
240 267
180 241 267
164 203 242 267
134 170 206 242 267
132 161 188 216 243 267

322
213 328
213 305 400
182 232 305 400
181 231 296 359 418
181 230 267 309 363 420
181 230 267 285 309 363 420
181 230 267 285 309 363 420 450
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Figure 7. Segmentation results of swine postural images using multilevel optimal thresholding.

in Table 1. The searching started with bi-level thresh
olding and eventually reached the optimal level as de
sired. The bold-faced values in the table represent the
final, optimal thresholds that maximize the homogeneity
measure.

One problem with the Kapur measure was the multiple
peak feature of its objective function (Kapur et al., 1985)
during the search process. Selection among these peaks
determines finally whether or not the global maximum
can be obtained, and yet no method exists that can guide
this procedure. This feature has caused undesirable thresh
olding results in some multilevel case experiments, al
though it works well for bi-level cases where choosing a
proper threshold among peaks is always possible from
the prior knowledge ofthe application. Thus, for the pre
sent study of processing swine postural images, we em
ployed the Otsu measure.

The input of the multilevel optimal thresholding algo
rithm is the histogram data of the image to be segmented.
In this research, the histogram ofthe extended difference
image, instead ofthe absolute difference image, was used.
In extended difference image, the intensity range was ex-

tended to 512 ( - 256 to 255) so that positive and negative
intensity differences from different uniform regions could
be separated. Compared with the histogram of the abso
lute difference image, the histogram ofthe extended dif
ference image has the advantages that the differences
between the background pixels are around zero with a
narrower range and there are more homogeneous re
gions. It is thus more meaningful to apply multilevel op
timal thresholding.

Segmentation results ofthe postural images ofthe pigs
in single (white or black) and mixed colors are shown in
Figure 7. The final results are the images after they have
been processed with morphological filtering operation.
The hierarchical process for selection of the thresholds
is shown in Table 2, with the final thresholds indicated in
bold. A step-by-step illustration of segmentation for each
pair of thresholds for the image of mixed pigs is given in
Figure 8.

Reference Image Updating
The effects of different cost structures for the Bayes

hypothesis testing on determination of the final exposed



a) original image

c) Intensity range (181, 230)

e) Intensity range (276, 309)

g) Intensity range (363, 420)
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b) Intensity range (0, 181)

d) Intensity range (230, 276)

f) Intensity range (309, 363)

h) Intensity range (420, 511)

Figure 8. Intermediate, multilevel thresholding results for a mixture of black and white pigs.
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Cost: cb-->wp = .8; Cb-->bp = .8

Cwp-->b = .2; Cbp-->b = .2
Cost: Cb-->wp = 1; Cb-->bp = 1

Cwp-->b = 1; Cbp-->b = 1

Cost: Cb-->wp = .2; Cb-->bp = .2

Cwp-->b = .8; Cbp-->b = .8

Figure 9. Effect of different cost structures for background update.

background regions are illustrated in Figure 9. Pixels
classified as pigs and background are shown in white
and black, respectively. These results were obtained by
using the normal distribution assumption. Selection of
cost structure should be based on the objective ofthe ap
plication with the largest cost being usually assigned to
the most unwanted error. In the current application, the
exposed background pixels need to be identified as com
pletely as possible, while the background pixels influ
enced by the presence of the pigs should be excluded as
much as possible. The experimental results were satis
factory with the selected cost structures, as illustrated in
Figure 9. The exposed portion ofthe reference image ap
pearing in black in the figure will be replaced by the cor
responding part of the newly captured image.

The use of uniform distribution produced much less de
sirable results than those for the normal distribution under
the same cost structure. This outcome was not surprising
since the application-specific information (e.g., mean and
variance of the intensity) must be determined and used
to set up the statistical models of normal distribution,
which therefore describes the application more accu
rately than the uniform distribution. Nevertheless, be
cause of its computational simplicity, uniform distribu
tion is still a usable method when no other assumptions,
such as normal distribution, can be established.

Conclusions
Computational algorithms for automatic selection and

segmentation of swine resting behavior images were de
veloped and evaluated in this study:

1. Combination of the likelihood ratio method and the
shading model method along with neighborhood inspec
tion was effective in motion detection for the swine be
havior image sequences.

2. Image segmentation was implemented by applying
multilevel optimal thresholding to the extended histo
gram of the difference image between the animal-laden
image and the background reference image. The method
featured an automatic determination of the number of
multilevel thresholds.

3. Background reference image was updated using
statistical hypothesis testing that classifies pixels into two
or more classes and thus produces the exposed background
regions. This background updating produces more homo
geneous regions on the animal-laden image, making it
more effective to apply the multilevel thresholding tech
nique.

These algorithms will serve the fundamental needs of
automatic image segmentation and selection of swine
postural behavior used in a novel, behavior-based assess
ment and control of thermal comfort of the animals.
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