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ABSTRACT
Zhu, Fengqing Ph.D., Purdue University, December 2011. Multilevel Image Segmentation with Application in Dietary Assessment and Evaluation. Major Professor:
Edward J. Delp.
This thesis describes methods for image analysis, including image calibration,
image segmentation, features extraction and classification with emphasis on the segmentation of non-rigid objects. We developed a color fiducial marker to correct colors
of unknown image illumination that appear in the scene so that this information can
be used by image analysis tasks in our dietary assessment system. We proposed and
implemented a multiple hypothesis segmentation technique to select optimal segmentations based on confidence scores assigned to each segment and showed improvements in both segmentation and classification accuracy. We demonstrated the use of
active contour models to refine image segmentation. We examined both quantitative
performance and classification based evaluation to validate proposed segmentation
methods.
The proposed image analysis methods were developed for a dietary assessment
application. There is a growing concern with respect to chronic diseases and other
health problems related to diet including obesity and cancer. The need to accurately measure diet (what foods a person consumes) becomes imperative. Dietary
intake provides valuable insights for mounting intervention programs for prevention
of chronic diseases. Measuring accurate dietary intake is considered to be an open
research problem in the nutrition and health fields. We describe a novel mobile telephone food record that can provide an accurate account of daily food and nutrient
intake by analyzing images of the food eaten by a user. Our approach includes the use

xv
of image analysis tools for identification and quantification of food that is consumed
at a meal.

1

1. INTRODUCTION
Nutritional epidemiology is concerned with quantifying dietary exposures and the
association of these exposures with risks for disease. Diet represents one of the most
universal biological exposures; however accurate assessment of food and beverage intake is problematic. This research focuses on developing part of a food record method
using a mobile device that will provide an accurate account of daily food and nutrient intake. The method employs the use of image analysis tools for identification
and quantification of food consumption. This work is sponsored by grants from the
National Institutes of Health as part of the Genes, Environment and Health Initiative. The availability of “smart” mobile telephones with higher resolution imaging
capability, improved memory capacity, network connectivity, and faster processors
allow these devices to be used in health care applications. A dietary assessment application for a mobile telephone provides a unique mechanism for collecting dietary
information that reduces burden on record keepers and will be of value to practicing
dietitians and researchers. Along with my colleagues, we have developed a mobile
telephone food record which uses a mobile device with a built-in camera, integrated
image analysis and visualization tools with a nutrient database to allow a user to
discretely record foods eaten. This project is the result of a collaboration between
various departments at Purdue University, the University of Hawaii, and the Curtin
University of Technology in Australia.
There is a growing concern with respect to chronic diseases and other health problems related to diet including obesity and cancer. Dietary intake, the process of determining what someone eats during the course of a day, provides valuable insights for
mounting intervention programs for prevention of many chronic diseases. Measuring
accurate dietary intake is considered to be an open research problem in the nutrition
and health fields. Our research addresses the challenges facing self-reporting methods
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that are prone to measurement error and other biases. These problems are further
compounded by high respondent burden and high researcher burden. A food record
system using a mobile device, a backend server, and database has been developed.
The approach includes the use of image analysis for identification and quantification
of food consumption based on images taken of the food items. Data from images
obtained before and after food is consumed can be used to link the identified foods
and amounts eaten with a food composition database. To aid with interaction design,
the application has been tested by adolescents and adults from various age groups in
both controlled meal sessions as well as free-living scenarios.
Particular interest of this thesis lies in the development of methods to automatically estimate the food consumed at a meal from images acquired using mobile device.
Each food item is segmented, identified, and its volume is estimated. “Before” meal
and “after” meal images can be used to estimate the food intake. From this information, the energy and nutrients consumed can be determined. A prototype system
has been deployed on the Apple iPhone and its functionality has been verified with
various combinations of foods [1].
The main thrust of this thesis is to develop methods for segmenting the food items
from image acquired by the mobile device.

1.1

Technology Assisted Dietary Assessment
The increasing prevalence of obesity among the youth is of great concern [2] and

has been linked to an increase in type 2 diabetes mellitus [3]. Accurate methods
and tools to assess food and nutrient intake are essential in monitoring nutritional
status. The collection of food intake and dietary information provides some of the
most valuable insights into the occurrence of disease and subsequent approaches for
mounting intervention programs for prevention. The assessment of food intake has
been evaluated in the past by a food record (FR), the 24-hour dietary recall (24HR),
and a food frequency questionnaire (FFQ) with external validation by doubly-labeled
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water (DLW) and urinary nitrogen [4–8]. Currently, there are few validation studies
to justify one particular method over another for any given study design.

1.1.1

Review of Current Dietary Assessment Methods

A review of some of the most popular dietary assessment methods is provided in
this section. The objective here is to describe the advantages and major drawbacks of
these methods. This will demonstrate the significance of our mobile telephone food
record which can be used for population and clinical based studies to improve the
understanding of diet.
The 24-hour dietary recall (24HR) consists of a listing of foods and beverages
consumed the previous day or the 24 hours prior to the recall interview. Foods
and amounts are recalled from memory with the aid of an interviewer who has been
trained in methods for soliciting dietary information. A brief activity history may
be incorporated into the interview to facilitate probing (i.e. asking questions) for
foods and beverages consumed. The Food Surveys Research Group (FSRG) of the
United States Department of Agriculture (USDA) has devoted considerable effort
to improving the accuracy of this method. The multiple-pass method provides a
structured interview format with specific probes.
The major drawback of the 24HR is the issue of underreporting of the food consumed [9]. Factors such as obesity, gender, social desirability, restrained eating and
hunger, education, literacy, perceived health status, age, and race/ethnicity have been
shown to be related to underreporting [10–13]. Harnack, et al. [14] found significant
underreporting of large food portions when food models showing recommended serving sizes were used as visual aids for respondents. Given that larger food portions
have been observed as occurring over the past 20 to 30 years [15, 16], this may be
a contributor to underreporting and methods to capture accurate portion sizes are
needed. Youth, in particular, are limited in their abilities to estimate portion sizes
accurately [4]. The most common method of evaluating the accuracy of the 24HR
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with children is through observation of school lunch and/or school breakfast [17]
and comparing foods recalled with foods either observed as eaten or foods actually
weighed. These recalls have demonstrated both under-reporting and over-reporting,
and incorrect identification of foods.
The food record is especially vulnerable to underreporting due to the complexity
of recording food [18, 19]. As adolescents snack frequently, have unstructured eating
patterns, and consume greater amounts of food away from the home, their burden
of recording is much greater compared to adults. It has been suggested that these
factors, along with a combination of forgetfulness, irritation, and boredom caused
by having to record intake frequently may be contributing to the underreporting in
this age group [20]. Dietary assessment methods perceived as less burdensome and
time-consuming may improve compliance [20].
Portion size estimation may be one contributor to underreporting. In [21] it was
found that 45 minutes of training in portion-size estimation among 9-10 year olds
significantly improved estimates for solid foods which were measured by dimensions or
cups, and liquids estimated by cups. Amorphous foods were estimated least accurately
even after training and some foods still exhibited an error rate of over 100%. Thus,
training can improve portion size estimation, however, more than one session may be
needed and accuracy may be unattainable.
There is a tremendous need for new methods for collecting dietary information.

1.1.2

The Use of Mobile Devices

The accurate assessment of diet is problematic, especially in adolescents [4, 22].
Mobile telephones can provide a unique mechanism for collecting dietary information
that reduces burden on record keepers. A dietary assessment application that usses a
mobile telephone for collecting information would be of value to practicing dietitians
and researchers [23]. Previous results among adolescents showed that dietary assessment methods using a technology-based approach, e.g., a personal digital assistant
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with or without a camera or a disposable camera, were preferred over the traditional
paper food record [24]. This suggests that for adolescents, dietary methods that
incorporate new mobile technology may improve cooperation and accuracy.
We describe in [25, 26] a mobile telephone food record (mpFR) that the team at
Purdue University developed using a mobile device (e.g. a mobile telephone or PDAlike device) to provide an accurate account of daily food and nutrient intake. Our
goal is to use the mobile device with a built-in camera to allow a user to discretely
record foods eaten. Each food item in the image is segmented, identified, and its
volume is estimated [1, 27, 28]. Images acquired before and after foods are eaten can
be used to estimate the food intake.
This system is known as the Technology Assisted Dietary Assessment System or
the TADA System. The TADA system consists of two main parts: a mobile application we refer to as the Mobile Phone Food Record (mpFR) and the “backend” system
consisting of the compute server and database system. Figure 1.1 shows the overall
architecture of our proposed system. The first step is to send the image acquired
with the mobile telephone and metadata to the server for automatic analysis, including image segmentation, food identification and volume estimation (steps 2 and 3).
These results are sent back to the user where the user confirms and/or adjusts this
information (step 4). In step 5, the server receives the confirmed information from
the user. Based on the user feedback, refinements are applied to image segmentation
and food labeling. Nutrient information is extracted using the USDA Food and Nutrient Database for Dietary Studies (FNDDS) database [29]. FNDDS is a database
containing foods eaten in the U.S., their nutrient values, and weights for different
standardized food portions (step 6). Finally these results can be sent to the research
community for further analysis (step 7). We have deployed this system on an Apple
iPhone and it is currently being used by dietitians and nutritionists in the Department of Foods and Nutrition at Purdue University for various adolescent and adult
nutritional studies.
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Fig. 1.1. The Architecture of the TADA System.

1.1.3

Segmentation

An important aspect of our system includes locating and identifying food objects
from meal images. This is the segmentation problem which is the main contribution
of this thesis.
There has been previous segmentation techniques reported for food items and
products. However, food image segmentation is still an unsolved problem because of
its complex and under constrained attributes. Jimenez et.al [30] described an automatic fruit recognition system, which recognized spherical fruit in various situations
such as shadows, bright areas, occlusions and overlapping fruit. A three-dimensional
scanner was used to scan the scene and generate five images to represent the azimuth
and elevation angles, range, attenuation and reflectance. The position of the fruit obtained by thresholding and clustering with the Circular Hough Transform was used
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to identify the center and radius of the fruits. A robust method to segment the food
items from the background of color images was proposed in [31]. A color image was
converted to a high contrast grayscale image from an optimal linear combination of
the RGB color components. The image is then segmented using a global threshold estimated by a statistical approach to minimize the intraclass variance. The segmented
regions were subjected to a morphological process to remove small objects, to close
the binary image by dilation followed by erosion and to fill the holes in the segmented
regions. The work presented in [32] used a stick growing and merging method to segment complex food images. The image was first pre-processed by an edge-preserving
smoothing technique and a large number of horizontal lines (“sticks”) were built containing homogeneous pixels with the sticks ends corresponding to edge points. Once
the sticks were built, adjacent sticks were merged to form a sub region based on a
stick-stick homogeneity criterion. The sub regions are then merged if it satisfies a
minimal sub region merging criterion. The regions with non-stick areas appear as
noises or edges which cause less smooth boundary. Boundary modification step is
used to reduce the degree of boundary roughness. This method is also successful in
segmenting many complex food images including pizza, apple, pork and potato.
Automatic identification of foods from an image is an example of object classification. It is a difficult problem since foods can dramatically vary in appearance.
Such variations may arise not only from changes in illumination and viewpoint but
also from non-rigid deformations, and intraclass variability in shape, texture, color
and other visual properties. There has been recent efforts to address challenges in
food identification. In [33] a method for food identification was described by exploiting the spatial relationship among different ingredients (such as meat and bread in a
sandwich). The food items were represented by pairwise statistics between local features of the different ingredients of the food items. In [34], a multiple kernel learning
method was described to integrate three sets of features namely color, texture, and
SIFT descriptors. All three features were fused together forming one single feature
vector by assigning different weights to combine them. In [35], an efficient fusion of
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color and texture features for fruit recognition was proposed. The recognition was
done by minimum distance classifier based upon the statistical and co-occurrence
features derived from the Wavelet transformed sub-bands. Finally in [36], an online
food-logging system was presented, which distinguished food images from other images, analyzed the food balance, and visualized the log. Global and local features
were used to describe food items and classify them using a Support Vector Machine
(SVM).
In our image analysis system, once a food image is acquired, we need to locate
the object boundaries for the food items within the image. This is accomplished by
image segmentation. The ideal segmentation is to group pixels in the image that share
certain visual characteristics perceptually meaningful to human observers. Although
segmentation is a difficult task, it is very important because good segmentation can
help with recognition, registration, and image database retrieval. In our system,
the results of the segmentation are used for food labeling and automatic portion
estimation. Thus, the accuracy of segmentation plays a crucial role in the overall
performance of our system.
In this thesis we have investigated various approaches to segment food items in
an image such as connected component labeling, active contours, normalized cuts
and semi-automatic methods [1,25,37,38]. We proposed multiple hypothesis segmentation to select optimal segmentations based on confidence scores assigned to each
segment [39]. This approach combined two ideas: a set of segmented objects could be
partitioned into perceptually similar object classes based on global and local features;
and perceptually similar object classes could be used to assess the accuracy of image
segmentation. Both segmentation and classification accuracy were improved by generating multiple segmentations of each image using multiscale graph decomposition.
In this approach, we first detected regions where potential food items were located
instead of segmenting the entire image. Once these regions of interest were detected,
suitable segmentation techniques could be used for each of these regions to find the
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precise boundaries of the food items. Each of these segments were classified into a
particular food label using the features extracted from that segment.
In the TADA system, segmentation is followed by feature extraction and classification. Earlier approaches in the TADA system included the extraction of global
color and texture features for each segment, followed by classification of the segment
using support vector machines [1, 25, 26, 37, 38]. This work was done by me and is
included in this thesis. Since then, we have investigated more features to efficiently
characterize food items visually, including texture and local descriptors [40]. This is
mainly the work by my colleague Marc Bosch [41]. We proposed a food classification
framework [42] where multiple features spaces were independently classified and fused
according to a set of rules to achieve a final labeling decision. Potential misclassifications were corrected by using different sources of contextual information, namely
food/object combination likelihood, and information from the confusion matrix on
the validation dataset.

1.2

Contributions of This Thesis
The research in this thesis focuses on developing methods for image segmentation

and particularly for the segmentation of food images. My main contributions are as
follows:
• Developed a multiple hypothesis segmentation system to select optimal segmentations based on confidence scores assigned to each segment. This approach combined two ideas: a set of segmented objects could be partitioned
into perceptually similar object classes based on global and local features; and
perceptually similar object classes could be used to assess the accuracy of image
segmentation. Both segmentation and classification accuracy were improved by
generating multiple segmentations of each image using multiscale graph decomposition.
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• Evaluated the quantitative performance of our multilevel segmentation approach based on comparing region boundaries with ground-truth data for consistency. A separate evaluation was performed in the context of object classification to assess pixel level accuracy for identifying each food class.
• Demonstrated the use of region-based active contour models to refine the image segmentation based on user feedback from the TADA mpFR. With such
feedback, an initial curve, was deformed to the boundary of the object under
constraints from the image.
• Developed a color fiducial marker used as the reference object in images captured under various illumination conditions. Constructed a transformation
based on the reference illumination to correct the colors of the unknown image. The realization of the method was achieved through the use of a 3D LUT.
• Examined color and texture features for each segmented food region. The was
part of the initial classification methods used in the TADA system. These
features were classified using SVM.
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2. IMAGE ANALYSIS
Our goal is to identify food items in a scene. The ideal image analysis system is
shown in Figure 2.1, where each food item is segmented and identified. The emphasis
of this thesis will be on addressing the problem of image segmentation.
A block diagram of our proposed image analysis system is shown in Figure 2.2.
Our overall goal is to automatically determine the regions in an image where a particular food is located (segmentation) and correctly identify the food type based on
its features (classification or food labeling). Since we are interested in measuring the
amount of food in the image, we have developed a very simple protocol for users of
our system [23, 24]. This protocol involves the use of a calibrated fiducial marker
consisting of a checkerboard (color checkerboard) that is placed in the field of view
of the camera. This allows both geometric and color correction of the images so that
the amount of food present can be estimated.
Automatic identification of food items in an image is not an easy problem. We
fully understand that we will not be able to recognize every food. Some food items
look very similar, e.g. margarine and butter. In other cases, the packaging or the
way the food is served will present problems for automatic recognition. For example,
if the food is in an opaque container then we will not be able to identify it. In some
cases, if a food is not correctly identified, it may not make much difference with
respect to the energy or nutrients consumed. An example of this is if our system
identifies a “brownie” as “chocolate cake”, there is not a significant difference in the
energy or nutrient content. Similarly, if we incorrectly estimate the amount of lettuce
consumed, this will also have little impact on the estimate of the energy or nutrients
consumed in the meal due to the low energy content of lettuce [23, 24]. Again, we
emphasize that our goal is to provide a tool for better assessment of dietary intake to
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Fig. 2.1. An Ideal Food Image Analysis System.

Fig. 2.2. Proposed Approach for Image Analysis System.

professional dietitians and researchers than that is currently available using existing
methods.

2.1

Image Acquisition and Calibration
Since we are interested in knowing how much food is consumed we need to have

a 3D calibrated imaging system. In the current version of the TADA system in
November 2011 a user takes only one image of the food and 3D models are used to
construct the 3D object. Other approaches include acquire multiple images of the
food scene from different “views” of the food. The methods used for constructing the
3D information is beyond the scope of this thesis. Whatever approach is used, we
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still a calibrated imaging system that is calibrated booth spatially and with respect
to the color represented in the scene. This could be accomplished by having the user
acquire the image with a known object, e.g., a pen or PDA stylus, placed next to
the food so one could use this to “calibrate sizes in the image. We might also use
the known dimensions of a plate or cup in a scene. Other a priori information in
the scene such as the the pattern on the tablecloth could also be used. We have
chosen to use checkerboard-like design as a particular type of “fiducial marker” for
our calibration information. The fiducial marker is included in every image to provide
a reference for the scale and pose of the objects in the scene. After exploring and
testing several designs, we decided to use a compact checkerboard pattern. Several
controlled feeding studies were conducted by the Department of Foods and Nutrition
at Purdue University whereby participants were asked to take images of their food
before and after meals [23]. Responses from large proportion of the participants in
these studies indicated that it would be easy to use a credit card-sized fiducial marker
due to the convenient incorporation into their current lifestyles.

2.1.1

The Fiducial Marker

The initial development of the fiducial marker was done in collaboration with Karl
Ostmo as part of his Master thesis [43]. The OpenCV library [44] was used to detect
the presence of fiducial marker in the image since it contains built-in support for the
detection of a checkerboard (chessboard) calibration pattern. The OpenCV library
uses the Hough transform to extract feature points from the checkerboard. The Hough
transform locates lines, then derives corner points by thresholding intersections of the
resulting lines. Through experimentation, the optimal properties of the checkerboard
have been determined as follows: the pattern is an asymmetric checkerboard with
[odd] × [even] dimensions, minimum 4 tiles per side, high contrast, matte finish, and
rigid mounting. Lighting conditions and camera quality can affect the appearance of
color in the acquired images. Since the recognition of food is based on color, it is
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(a)

(b)

Fig. 2.3. Examples of a Black And White Fiducial Marker, (a) shows
the source used to create the marker, (b) shows an image of the fiducial
marker.

important to incorporate color information into the design. We need to detect and
located the fiducial marker in the scene so that we can use the calibration information.
This is done using only the gray scale version of the image acquired from the camera.
Since we use the color fiducial marker to also calibrate the color information in the
scene, the gray scale image of the color marker has somewhat less contrast than a
true black and white marker and can affect the ability of OpenCV to recognize the
corners. Therefore we must take this into account when designing the color marker.
Examples of the black and white fiducial marker and a version of the color fiducial
marker are shown in Figure 2.3 and Figure 2.4.

2.1.2

Color Correction

Color correction, also referred to as color balance is the global adjustment of the
color intensities in an image when used with still images. The goal of such adjustment
is to render neutral colors in an image correctly. Methods for such correction are generally known as gray balance, neutral balance or white balance [45]. Color correction
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(a)

(b)

Fig. 2.4. Examples of the Color Fiducial Marker, (a) shows the source
used to create the marker, (b) shows an image of the fiducial marker.

changes the overall colors in an image and is often used for colors other than neutrals
to appear correct or pleasing. Image data acquired by sensors such as a CCD sensor
must be transformed from the acquired image values to values that are appropriate
for color display and reproduction. Such color correction is essential for several aspects of the acquisition and display process. These include the fact that acquisition
sensors do not match the sensors in the human vision system, that the properties of
the display medium must be considered, and that the ambient viewing conditions of
the acquisition may have large variations. In addition, images captured by mobile
telephone cameras have lower quality than most digital still cameras (DSCs). The
observed colors in a mobile phone camera image are often “substantially incorrect.”
This poses a challenge for achieving satisfying results from the image analysis.
A color calibration method for correcting the variation in RGB color components
caused by the vision system was described in [46]. The calibration scheme concentrated on comprehensively estimating and removing the RGB errors under both
uniform and nonuniform illuminations. Siddiqui, et al [47] proposed a hierarchical
color correction method for enhancing the color of digital images captured by mo-
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bile telephone cameras obtained from low-quality images. The method is based on
a multilayer hierarchical stochastic framework in which parameters are learned in an
offline training process using the expectation maximization (EM) method. A color
correction system using a color compensation chart was proposed by Lee, et al [48]
where the system introduced the color compensation chart to estimate the transformation between the colors in the image and the reference colors. The concept of color
management system (CMS) and the profile connection space (PCS) were adopted to
realize the proposed system.
In [49], a color correction method is presented for automatic detection of identical
objects from different images. The approach represented illumination color features
using the Macbeth color board with 24 colors. Conversion vectors were defined from
a source illumination to a target illumination. Assume that illumination A is the
target, a conversion vector from illumination B to illumination A can be defined for
each color patch on the Macbeth color board. For each color path i, the conversion
vector Ci is defined as the difference between RGB color of each path in illuminations
A and B. Thus, the conversion vector from illumination B to illumination A, CA−B ,
is an average vector of conversion vectors of all color patches, equivalently,
24

CA−B

1 X
Ci = (Cr , Cg , Cb )
=
24 i=1

(2.1)

The illumination conversion vector is then used according to the pixel color in images
of illumination B. Let the RGB value of a pixel at (x, y) in the image of illumination
B be (Rxy , Gxy , Bxy ). This color value (Rxy , Gxy , Bxy ) in the image of illumination B
is corrected by adding the illumination conversion vector CA−B above as follows
³

′

′

′

´

Rxy , Gxy , Bxy = (Rxy , Gxy , Bxy ) + (Cr , Cg , Cb )

(2.2)

Similar to the approach described in [49], the color fiducial marker is used as
the identical objects in images captured under various conditions, in particular, different illuminations. We adopted a simplified version of the approach proposed by
Srivasrava, et al [50] to address the problem of visually matching two known display
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devices in color management systems. Our method starts with capturing an image of
the color fiducial marker using a digital still camera or a mobile device camera under
a known illumination and use color patches in the captured fiducial marker image as
the reference marker colors. To correct the colors in an image containing the color
fiducial maker from unknown sources or illuminations, RGB components of the color
patches in the unknown image are extracted and a mapping between the reference
marker colors and the newly obtained marker colors are established. Finally, this
mapping is used to correct the colors of the unknown image to match the reference
image.
The method is implemented through the use of 3D look-up tables (LUT). Lookup tables (LUT) are used in image processing to transform input data into a desired
output format. Consider a function y = f (x) which maps an input x ∈ D to an
output y ∈ R where D and R are the domain and the range of f , respectively. The
look-up table allows computation of discrete values of f for a set of discrete inputs
SD ∈ D and stores them as a set SR ∈ R. In order to evaluate this function at a given
input x, we located points in SD which surround x. In other words, elements of SD
forms a box such that x is an internal point of the box. These elements are known
as the neighbors of x. Finally, f (x) is obtained by interpolating between the known
values of the function at its neighbors. To achieve the matching between an image
from unknown sources or illuminations to the reference image, we need a function
that would take an RGB input and produce an RGB output. Let f (·) represent the
mapping between the marker colors in the unknown image and the reference maker
colors. The transformation f requires a 3D LUT with a vector [r, g, b] as input. Each
entry in the LUT is also a vector [r, g, b] corresponding to the color corrected image.
Although the input space is of size 256 × 256 × 256, practical LUTs are much smaller.
In our case, we consider a uniformly sampled LUT of size 3 × 3 × 3 and select sample
points according to the set
Ω = {r0 , r1 , r2 } × {g0 , g1 , g2 } × {b0 , b1 , b2 }

(2.3)
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where × denotes a Cartesian product. Then, the LUT can be described by a function
Φ(·) such that


 f ([r, g, b]) , ∀ [r, g, b] ∈ Ω
Φ ([r, g, b]) =
 ψ ([r, g, b]) ,
otherwise

(2.4)

where ψ represents an interpolation operation to transform input values not aligned
with any of the table entries.
Interpolation methods have been proposed in one and more dimensional spaces
and on regular or irregular shaped data grids. In general cases, an input point [x, y, z]c ,
whose output needs to be predicted, can have k neighbors [x, y, z]i for i = 0, 1, ..., k−1.
Let d(c, i) be some metric of distance between the points c and its neighbors i. Note
that each neighbor is an entry in the table and hence their outputs f ([x, y, z])i are
known. Then using the interpolation method
f ([x, y, z])c = ψ (fi , di )

for i = 0, 1, ..., k − 1

(2.5)

where ψ is determined by the chosen method. For example, a simple 1D linear
interpolation is
fc = (f0 · d (c, 1) + f1 · d (c, 0)) / (d (c, 0) + d (c, 1))

(2.6)

where d(c, i) is the Euclidean distance between c and its ith neighbor. Extending to
3D, fc is evaluated as a weighted sum of fi for i = 0, 1, ..., 7, with each fi weighted
by the Euclidean distance of the other neighbor from the input point c as shown in
Figure 2.5. The euclidean distance is normalized by the total distance between all
neighbors. A number of schemes exist for interpolation using different neighbor sets
and distance metrics. The Shepard interpolation [51] is a general form of finding an
interpolation value on an irregularly spread data space. It belongs to the method of
inverse distance weighting (IDW). Suppose we want to find an interpolated value fc
at a given point c based on samples fi for i = 0, 1, ..., N , where N specifies the total
number of neighbors, using IDW as an interpolating function



fi ,
if wi = 0 for any i ∈ {0, 1, ..., N − 1}
NP
−1
fc =
wi

PN −1
f,
otherwise

w i
i=0

i=0

i

(2.7)
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Fig. 2.5. Graphic illustration of the 3D interpolation.

where
wi =

1
d (c, i)p

(2.8)

is a simple IDW weighting function defined by Shepard. Larger value of p assigns
greater influence to values closest to the interpolated point. When selecting p = 2, the
result is satisfactory for surface mapping and computationally inexpensive. Therefore,
we use quadratic weighing in the 3D space, which results in the triquadratic method
described above. We selected the triquadratic interpolation based on its accuracy and
simplicity. However, other interpolation scheme such as splines or Gaussian processes
may be selected depending on the requirements and optimization can be perform by
modifying the cost function to reflect the change.
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Sample color correction results using 3D LUT methods, as well as comparison to
Choi’s method [49] are illustrated in Section 4.1.1.

2.2

Image Segmentation
In our image analysis system, once a food image is acquired and color corrected,

we need to locate the object boundaries of the food items within the image. Image
segmentation is used to accomplish such goal. The ideal output of this operation is to
group pixels in the image that share certain visual characteristics that are perceptually
meaningful to human observers. This is a difficult problem as humans use all sorts of
tricks to perform this task. However, this task is very important as good segmentation
can help with recognition, tracking, image database retrieval and image compression.
In our system, the output of the segmentation step is used for the food labeling
and automatic portion estimation step. Thus, the accuracy of this step plays a
crucial role in the overall performance of our system. We have investigated various
approaches to segment food items in an image such as connected component labeling,
active contours, normalized cuts, semi-automatic methods and multilevel approach
[1, 25, 37–39]. Since we are interested in food objects in an image, it is more efficient
to first detect regions where potential food items are located instead of segmenting
the entire image. Once these regions of interest are detected, suitable segmentation
techniques can be used for each of these regions to find the precise boundaries of the
food items. Each of these segments are classified into a particular food label using
features extracted from that segment. The TADA system also includes a review step
where a user can provide feedback information such as confirmation and adjustment
for the location and identification of foods in the meal image. The refinement step
can then be used to generate the final segmentation based on the user feedback
information. Our proposed segmentation approach is illustrated in Figure 2.6. A
complete description of the approach and various segmentation methods examined,
as well as evaluation of proposed techniques can be found in Chapter 3.
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Fig. 2.6. Proposed Segmentation Approach.

2.3

Feature Extraction and Classification
An essential step in solving any object categorization/classification task is to ad-

equately represent the visual information of the object. This is commonly known as
feature extraction. Features need to be robust to image perturbations such as viewpoint and illumination changes. A solution for object classification problems is to
take a part-based approach, i.e., given any image segment containing, partially, the
object, the pixel value information is projected into a transformed space known as
the feature space. In the feature space a statistical description is estimated forming
a feature vector. The features are used by a classifier, which maps observed features
into a label or category, representing a food type from a set of potential foods.
The feature selection methods discussed in this section were used in our earlier
deployment of the TADA system. More recent contributions in this area have been
made by Marc Bosch [40–42].

2.3.1

Feature Extraction

Given the labeled pixels of an image after segmentation, we need to extract visual
characteristics of each region (food item) to help with training the classifier to identify
each food item. Therefore, proper selection of features is the key for correct classifi-
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cation. Certain criteria is necessary when selecting the features: the features should
contain enough information to uniquely describe each region (food item) yet are not
domain-specific; they should be easy to compute and relate well with the human visual system. Based on these criteria, two types of features are extracted/measured
for each segmented food region, color and texture features. As noted above, as part
of the protocol for obtaining food images the subjects are asked to take images with
a calibrated fiducial marker consisting of a color checkerboard that is placed in the
field of view of the camera. This allows us to correct for color imbalance in the mobile
device’s camera.
For color features, the average value of the pixel intensity (i.e. the gray scale)
along with two color components are used. The color components are obtained by
first converting the image to the CIELAB color space. The L∗ component is known
as the luminance and the a∗ and b∗ are the two chrominance components.
For texture features, we use Gabor filters to measure local texture properties in the
frequency domain. Several Gabor techniques for texture-segmentation applications
can be found in [52–55]. Gabor filters describe properties related to the local power
spectrum of a signal and have been used for texture analysis [54]. A Gabor impulse
response in the spatial domain consists of a sinusoidal plane wave of some orientation
and frequency, modulated by a two-dimensional Gaussian envelope and is given by:
µ
¶¸
·
y2
1 x2
+
cos (2πU x + ϕ)
(2.9)
h(x, y) = exp −
2 σx2 σy2
In our work, we use the Gabor filter-bank proposed in [52]. It is suitable for our
use where the texture features are obtained by subjecting each image (or in our case
each block) to a Gabor filtering operation in a window around each pixel and then
estimating the mean and the standard deviation of the energy of the filtered image. A
Gabor filter-bank consists of Gabor filters with Gaussians of several sizes modulated
by sinusoidal plane waves of different orientations from the same Gabor-root filter as
defined in Equation (2.9), it can be represented as:
gm,n (x, y) = a−m h(x̃, ỹ),

a>1

(2.10)
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where x̃ = a−m (x cos θ + y sin θ), ỹ = a−m (−x sin θ + y cos θ), θ = nπ/K (K = total
orientation, n = 0, 1, ..., K − 1, and m = 0, 1, ..., S − 1), and h(·, ·) is defined in
Equation (2.9). Given an image IE (r, c) of size H × W , the discrete Gabor filtered
output is given by a 2D convolution:
X
Igm,n (r, c) =
IE (r − s, c − t)gm,n ∗ (s, t),

(2.11)

s,t

As a result of this convolution, the energy of the filtered image is obtained and
then the mean and standard deviation are estimated and used as features. In our
implementation, we divide each segmented food item into N × N non-overlapped
blocks and use Gabor filters on each block. We use the following Gabor parameters:
4 scales (S=4), and 6 orientations (K=6).

2.3.2

Classification

Once the food items are segmented and their features are extracted, the next step
is to identify the food items using statistical pattern recognition techniques [56, 57].
Classifiers are used in a variety of pattern recognition and machine learning applications ranging from automatic speech recognition to the characterization of printers.
We consider supervised learning, in which observed or measured data are labeled with
pre-defined classes. The process often consists of two steps. In the training phase,
a model is learned using training data. The model is tested using unseen data to
assess the model accuracy in the testing phase. By training, the classifier “learns”
how to map the features into the category or label. The training is not perfect and
the classifier will make mistakes in actual operation by assigning the wrong label to
an observed feature vector. Training the classifier has two goals. One goal is to determine how it will assign labels to observed feature vectors and the other is to estimate
its error performance or its classification accuracy. This is accomplished by using a
set of feature vectors where the label or category is known a priori, often referred to as
“ground-truth” information. This ground-truth information is divided into two sets,
a training set and a testing set. The training set or data is used to train the classifier
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and the testing set or data is used to test the error performance of the classifier. The
feature vectors used for our system contain 51 values, 48 texture features and 3 color
features. The feature vectors for the training images (which contain only one food
item in the image) are extracted and a training model is generated.
For classification of food items, we use a support vector machine (SVM) [58–60].
A support vector machine (SVM) generates a hyperplane or separation boundary that
separates the training data into two regions in the feature space ℜD . For example,
assume the training data Xi is linearly separable and are positioned in a feature space
of size ℜ2 , we can draw a line on a graph to separate training vectors with different
labels into two regions R1 and R2 as illustrated in Figure 2.7. R1 contains training
vectors with the label yi = −1 and the positions of these training vectors are denoted
using ◦’s. R2 contains training vectors with the label yi = +1 and the positions of
these training vectors are denoted using •’s.
For theoretical illustration of the SVM, D = 2 classes are considered here. For
training vectors with two class labels yi ∈ −1, 1, the linear SVM defines a hyperplane
as
w·x+b=0

(2.12)

where w is normal to the hyperplane and b/kwk is the perpendicular distance from the
hyperplane to the origin. The training vectors are assumed to be linearly separable
meaning that the training vectors satisfy the boundary conditions of the following
xi · w + b ≥ +1 for yi = +1
xi · w + b ≤ −1 for yi = −1

(2.13)

Support Vectors are training vectors lie closest to the separating hyperplane and the
goal of SVM is to orientate this hyperplane in such a way that is as far as possible
from the closest members of both classes. The training vectors on the boundaries,
specified by the two planes H1 and H2 can be described as
xi · w + b = +1 for H1
xi · w + b = −1 for H2

(2.14)
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Fig. 2.7. Example of Feature Space ℜ2 Used by SVM Showing Hyperplane Through Two Linearly Separable Classes.

Distances from H1 and H2 to the hyperplane is defined as d1 and d2 , respectively
in Figure 2.7. The hyperplane’s equidistance from H1 to H2 is the SVM’s margin,
a quantity to be maximized. A unique solution exists for maximizing this quantity
using Lagrange’s theorem [61]:
LD =

L
X
i=1

L

L

1 XX
αi αj yi yj xi · xj
αi −
2 i=1 j=1

(2.15)

under these constraints
αi ≥ 0 ∀i
L
P
αi yi = 0

(2.16)

i=1

where α1 , · · · , αL are the Lagrange multipliers.

A nonlinear SVM is used in place of the linear SVM of the training vectors are not
linearly separable. The training vectors are separated by a nonlinear boundary. The
nonlinear decision boundaries are determined by mapping the training vectors to some
other Euclidian space H, where the mapping function is denoted as Φ : ℜD ⇒ H.
A hyperplane is then used in H to separate the mapped training vectors. To avoid
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increase complexity due to mapping the training vectors to a high dimension, the
mapping of Φ(xi ) · Φ(xj ) is replaced by a Kernel Function k(xi , xj ) = Φ(xi ) · Φ(xj ).
The Lagrangian of Equation 2.15 is then redefined for the nonlinear case by substituting k(xi , xj ) in the place of (xi , xj ). This produces the modified maximization
problem formulated as
LD =

L
X
i=1

L

L

1 XX
αi −
αi αj yi yj k(xi · xj )
2 i=1 j=1

(2.17)

The SVM classifier generates its training model using the LIBSVM [62], a library
for support vector machines that supports multi-class classification. In particular,
the kernel function used in our implementation is the radial basis function (RBF)
!
Ã
− kxi − xj k2
(2.18)
k (xi , xj ) = exp
2σ 2
The labeled food type along with the segmented image are sent to the automatic portion estimation module where camera parameter estimation and model reconstruction
are utilized to determine the volume of extracted foods.
The above color and texture features as well as the SVM classifier were tested on a
set of food images collected from one of the diet studies conducted by the Department
of Foods and Nutrition at Purdue University. Detailed description of the experiments
and results are presented in Section 4.1.2.
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3. SEGMENTATION OF NON-RIGID OBJECTS
Segmentation is the process of partitioning an image into disjoint and homogeneous
regions, or equivalently, finding the boundaries between the regions. The desirable
characteristics of a good image segmentation method have been described by Haralick
and Shapiro in [63] with reference to grayscale images. “Regions of an image segmentation should be uniform and homogeneous with respect to some characteristic such
as gray tone or texture. Region interiors should be simple and without many small
holes. adjacent region of a segmentation should have significantly different values
with respect to the characteristic on which they are uniform. Boundaries of each
segmentation should be simple, not ragged, and must be spatially accurate.” Based
on the above requirements, a formal definition of segmentation is given by [64, 65] in
the following: Let I denote the set of all pixels and P a uniformity (homogeneity)
predicate defined on groups of connected pixels, then the segmentation of I is a partitioning of the set I into a set of connected subsets (regions) Rn , n = 1, ..., N such
that
N
S

Rn = I with Rn

n=1

T

Rm = Ø, n 6= m

P (Rn ) = true ∀n
S
6 m
P (Rn Rm ) = false ∀n =

(3.1)
(3.2)
(3.3)

where Rn and Rm are adjacent.

These conditions can be summarized as
1. the partition has to cover the entire image
2. each region has to be homogeneous with respect to the predicate P
3. two adjacent region cannot be merged into a single region that satisfies the
predicate P
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The homogeneity predicate measures similarity in the selected features representing
each region such as color and/or texture information.
Segmentation is an extremely important operation in many applications of image processing and analysis. In general, automated segmentation is one of the most
difficult tasks in the image analysis, because a false segmentation will cause degradation of the subsequent image processing steps such as measurement, classification
and recognition, therefore impacting the interpreting and understanding of the image. As mentioned above, the essential goal of segmentation is to decompose an
image into regions which are meaningful for a given application. Some of the practical applications of image segmentation include: medical imaging to locate tumors,
measuring tissue volumes and computer-guided surgery; locating objects in satellite
images such as roads and forests; face and fingerprint recognition; traffic control systems. General-purpose methods and techniques have been developed over the years
for image segmentation. Due to the lack of general solution to the segmentation problem, these methods can only solve the image segmentation problem for a particular
problem domain when combined with specific domain knowledge.
Segmentation techniques for grayscale image have been studies quite extensively.
Most of these approaches are based on either discontinuity and/or uniformity of
grayscale values in an image region. Methods based on discontinuity partition an
image by detecting isolated points, lines and edges according to sudden changes in
grayscale levels. Methods based on uniformity include thresholding, clustering, region
growing, and region splitting and merging. These methods are discussed in survey
papers such as [63–66].
In [64], various existing segmentation techniques before the 1980s were categorized into three groups: edge detection, region extraction, and characteristic feature
thresholding or clustering. Both parallel and sequential edge detection techniques
were presented. Methods for region merging, region splitting and combination of the
two were introduced. The threshold selection schemes based on gray level histogram
and local properties, as well as structural and syntactic techniques were also described.
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In [63] segmentation techniques were grouped into six major classes: measurement
space guided spatial clustering, single linkage region growing methods, hybrid linkage region growing methods, spatial clustering methods, and split-merge methods.
These methods were compared based on region merge error, blocky region boundary
and memory usage. Several thresholding techniques were evaluated in [66] based
on uniformity and shape measures. It categorized global thresholding methods into
two groups: point-dependent techniques, and region-dependent techniques. Other
segmentation methods such as fuzzy set approaches, neural network based methods,
Markov Random Field (MRF) based methods, and surface based approaches were
reviews in [65]. It also included range image and magnetic resonance image (MRI)
in addition to most commonly used pixel intensity based image.
Color image segmentations has attracted more attention due to the fact that color
images provide more information than grayscale image and techniques for grayscale
image can be extended to segment color images using separate color components
and their transformations. In [67], the problem of using edge-based and regionbased segmentation methods to color images with complex textures was analyzed.
Properties of several color representations and segmentation methods in different
color spaces were discussed in [68]. The authors in [69] propose to use color and
texture features and clustering technique to segment images. The paper also indicates
that image segmentation based on color and texture features performs well in lowresolution and compressed images. In the paper by Dorin et.al [70], a high quality
edge image is produced by extracting all the significant colors. In Chapter 1 we
reviewed previous work done in segmenting food images.
We have investigated various approaches to segmenting food items in an image such as connected component labeling, active contours, normalized cuts, semiautomatic methods and multilevel approach [1,25,37–39]. Since we are only interested
in food objects in an image, it is more efficient to first detect regions where potential
food items are located instead of segmenting the entire image. Once these regions
of interest are detected, suitable segmentation techniques can be used for each of
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Fig. 3.1. Proposed Segmentation Approach.

these regions to find the precise boundaries of the food items. Each of these segments
are classified into a particular food label using features extracted from that segment.
The TADA system also includes a review step where a user can provide feedback
information such as confirmation and adjustment for the location and identification
of foods in the meal image. A refinement step can then be used to generate the final
segmentation based on the user feedback information. Our proposed segmentation
approach is illustrated in Figure 3.1. A complete description of the approach and various segmentation methods examined, as well as evaluation of proposed techniques
are discussed in the following sections.

3.1

Connected Component Labeling
Region-based segmentation uses a combination of thresholding and region growing

[71]. Suppose an image f (x, y) is composed of light objects on a dark background
in such a way that object and background pixels have intensity levels grouped into
two dominant values. One simple way to segment objects from the background is
to select a threshold T that separates these modes. Then any point (x, y) for which
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f (x, y) ≥ T is known as an object point; otherwise, the point is known as a background
point. The thresholded image g(x, y) is defined as

 1 iff (x, y) ≥ T
g (x, y) =
 0 iff (x, y) < T

(3.4)

We chose T by trail and error.

The method of connected component labeling scans each pixel in an image, generally from top to bottom and left to right, to identify regions containing connect pixels.
These regions contain adjacent pixels that share the same membership criterion such
as pixel intensity, color or texture. Connected component labeling is used on binary
or graylevel images where different measures of connectivity are possible. Assume we
have a binary input image I = (0, 1) and use a 4-connected neighborhood for our
pixels adjacent relationship. The connected components labeling method scans the
image along each row until it encounters a pixel p, which denotes a pixel to be labeled
and has pixel intensity I = 1. When this occurs, it examines the four neighbors of p
which have already been encountered during the scan. These four neighbors are to
the left of pixel p, to the right of it, above and below it. Based on such information,
p is labeled as the following:
• If all four neighbors are 0, p is assigned with a new label, or
• if only one neighbor has pixel intensity I = 1, p is assigned with its label, or
• if more than one of the neighbors have pixel intensity I = 1, p is assigned with
one of the labels and a note is made of the equivalences.
Upon the completion of the scan, pixels with the same label are sorted into same
classes, and a unique label is given to each class.
In our implementation, in collaboration with Anand Mariappan, we investigated
a two step approach to segment food items using connected components [25]. In the
first step the color image is converted to grayscale and thresholded to form a binary
image. The goal here is to separate the plate from the tablecloth. The plate was
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empirically found assuming it was brighter than the table cloth (similar process can
be used if the plate is darker than the tablecloth). For segmenting the food items
on the plate, the binary image is searched in 8-point connected neighbors for the low
intensity value (i.e. 0) in the thresholded image. Since we used a fixed threshold,
pixels corresponding to the food items might be labeled as the plate. As a result, we
need to refine the estimates of the food locations. Next, the RGB image is converted
to the YCbCr color space. Using the chrominance components, Cb and Cr, the mean
value of the histogram corresponding to the plate was found. Pixel locations which
were not segmented during the first step were compared with the mean value of the
color space histogram of the plate to identify potential food items. These pixels were
given a different label from that of the plate, then 8-point connected neighbors for
the labeled pixels were searched to segment the food items.

3.2

Active Contours
The technique known as active contours has been used in a variety of applications

in the last decade including image segmentation and motion tracking. The basic idea
is to deform an initial curve to the boundary of an object under some constraints
from the image. Two main approaches are generally used in active contours based
on the implementation of snakes and level sets. Snakes explicitly move predefined
snake points based on an energy minimization scheme, while level set approaches
move contours explicitly as a particular level of a function. For image segmentation,
there are two types of active contour models according to the force evolving the
contours, namely edge-based and region-based. For edge-based active contours, an
edge detector based on the image gradient is often used to find boundaries of image
regions and to attract the contours to these boundaries. Instead of searching for geometrical boundaries, region-based active contours usually use statistical information
of the image intensity to evolve the contours.
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3.2.1

Snakes

The first model of active contour was proposed by Kass, et al. [72] where a snake
model, a controlled continuity spline, was described. We can define a contour parameterized by arc length s as
C (s) ≡ {(x (s) , y (s)) : 0 ≤ s ≤ L} : ℜ → Ω

(3.5)

where L denotes the length of the contour C and Ω the entire domain of an image
I(x, y). The corresponding discrete domain approximation is
C (n) = {(x (n) , y (n)) : 0 ≤ n ≤ N }

(3.6)

An energy function E(C) can be defined on the contour as
E (C) = Eint + Eext

(3.7)

where Eint and Eext denote internal and external energy functions. The internal
energy constrains shape of the contour, e.g. to encourage smoothness. An example
of the internal energy is a quadratic functional given by
Eint =

N
X

2

2

α |C ′ (n)| + β |C ′′ (n)|

(3.8)

n=0

where α controls the elasticity of the contour, and β controls stiffness of the contour.
The external energy encourages matching to suitable image features such as strong
edges, and can be defined as
Eext =

N
X

Eimg (C (n))

(3.9)

n=0

where Eimg (x, y) denotes a scalar function defined on the image plane so that the
local minimum of Eimg attracts the snakes to edges. A common example is a function
of image gradient, given by
Eimg (x, y) =

1
λ |∇Gσ ∗ I (x, y)|

(3.10)
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Fig. 3.2. An example of classic snakes.

where Gσ denotes a Gaussian smoothing filter with standard deviation σ, and λ is a
suitable constant. The goal is to find the contour C that minimizes the total energy
E with the given set of weights α, β, and λ. Figure 3.2 shows an example of classic
snakes [72], where the blue curve indicates the initial contour position, three green
curves shows the intermediate positions, and the red curve shows the final position
after 4 iterations to located the lips.
The classic snakes provides an accurate location of the edge only if the initial
contour is given sufficiently near the edges because only the local information along
the contour is used. However, estimating a proper position of initial contours without
prior knowledge is a difficult problem. Also, the classic snakes cannot detect more
than one boundary simultaneously because the snakes maintain the same topology
during the evolution stage. As a result, snakes cannot merge from multiple initial
contours or split to multiple boundaries. The level set methods provide a solution for
solving the snakes problem.
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Fig. 3.3. Level set evolution and the corresponding contour propagation.

3.2.2

Level Set Methods

The level set method was proposed by Osher and Sathian [73] to implement active contours. A contour is represented implicitly via a two-dimensional Lipschitzcontinuous function φ(x, y) : Ω → ℜ defined on the image plane. The function φ(x, y)
is called level set function, and the zero level set of φ(x, y) is defined as the contour,
such that
C ≡ {(x, y) : φ(x, y) = 0} ,

∀ (x, y) ∈ Ω

(3.11)

where Ω denotes the entire image plane. Figure 3.3 shows an example of the evolution
of the level set function φ(x, y) and the propagation of the corresponding contours C.
As the level set function φ(x, y) increases from its initial stage T = 0, the corresponding set of contours C also propagates toward outside. As a result of this definition,
the evolution of the contour is equivalent to the evolution of the level set function,
i.e. ∂C/∂t = ∂φ (x, y) /∂t. The advantage of using the zero level is that a contour
can be defined as the border between a positive area and a negative area, so the con-
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tours can be identified by checking the sign of φ(x, y). The initial level set function
φ0 (x, y) : Ω → ℜ may be given by the signed distance form the initial contour as
φ0 (x, y) ≡ {φ (x, y) : t = 0}
= ±D ((x, y) , Nx,y (C0 )) ,

(3.12)
∀ (x, y) ∈ Ω

where ±D(a, b) denotes a signed distance between x and y, and Nx,y (C0 ) denotes the
nearest neighbor pixel on initial contours C0 from (x,y).
The deformation of the contour is generally represented in numerical form as a
partial differential equation. A formulation of contour evolution using the magnitude
of the gradient of φ(x, y) was first proposed by Osher and Sethian [73], given by
∂φ (x, y)
= |∇φ (x, y)| (ν + εκ (φ (x, y)))
∂t

(3.13)

where ν denotes a constant speed term to push or pull the contour, κ(·) denotes the
mean curvature of the level set function φ(x, y) given by
¶
µ
∇φ
κ (φ (x, y)) = div
k∇φk
2
φxx φy − 2φx φy φxy + φyy φ2x
=
¡
¢3/2
φ2x + φ2y

(3.14)

where φx and φxx denote the first-order and second-order partial derivatives of φ(x, y)
with respect to x, and φy and φyy denote the same with respect to y. The role of
the curvature term is to control the regularity of the contours similar to the internal
energy term Eint does in the classic snakes model, and ε controls the balance between
the regularity and robustness of the contour evolution.
Another form of contour evolution was proposed by Chan and Vese [74]. The
length of the contour |C| can be approximated by a function of φ(x, y) [75] as
Z
|C| ≈ Lε {φ (x, y)} =
|∇Hε (φ (x, y))| dxdy
Ω
Z
(3.15)
=
δε (φ (x, y)) |∇φ (x, y)| dxdy
Ω
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where Hε (·) denotes the regularized form of the unit step function (often referred to
as the heaviside function) H(·) : Ω → ℜ given by

 1, ifφ (x, y) ≥ 0
H (x, y) =
 0, ifφ (x, y) < 0

∀ (x, y) ∈ Ω

(3.16)

and δε denotes the derivative of Hε (·). Since the unit step function produces either
0 or 1 depending on the sign of the input, the derivative of the unit step function
produces non-zero only when φ(x, y) = 0, i.e. on the contour C. Consequently, the
integration shown in Equation 3.15 is equivalent to the length of the contours on the
image plane. The associated Euler-Lagrange equation [76] obtained by minimizing
Lε (·) with respect to φ and parameterizing the descent directions by time t is given
by
∂φ (x, y)
= δε (φ (x, y)) κ (φ (x, y))
∂t

(3.17)

The contour evolution motivated by the equation above can be interpreted as the
motion by mean curvature minimizing the length of the contour. Therefore, Equation
3.13 is considered as the motion motivated by PDE, while Equation 3.17 is considered
as the motion motivated by energy minimization.
An outstanding characteristic of level set methods is that contours can split or
merge as the topology of the level set function changes. Therefore, level set methods can detect more than one boundary simultaneously, and multiple initial contours
can be placed. This flexibility and convenience provide a means for an autonomous
segmentation by using a predefined set of initial contours. On the other hand, the
computational cost of level set methods is high because the computation should be
done on the same dimension as the image plane Ω. Thus, the convergence speed is
relatively slower than other segmentation methods, particularly local filtering based
methods. The use of multiple initial contours increases the convergence speed by cooperating with neighbor contours quickly. Level set methods with faster convergence,
called fast marching methods [77], have been studied intensively for the last decade.
Because of these attractive properties, our active contour model uses the level set
method.
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3.2.3

Edge-Based Active Contours

Edge-based active contours are closely related to the edge-based segmentation.
Most edge-based active contour models consists of two parts: the regularity part,
which determines the shape of contours, and the edge detection part, which attracts
the contour towards the edges.
Geometric active contour models were proposed by Caselles et al. [78] adding
an additional term, known as the stopping function, to the speed function shown in
Equation 3.13. Malladi et al. [79] proposed a similar model given by
∂φ (x, y)
= g (I (x, y)) (κ (φ (x, y)) + ν) |∇φ (x, y)|
∂t

(3.18)

where g(·) : Ω → ℜ denotes the stopping function, i.e. a positive and decreasing
function of the image gradient. A simple example of the stopping function is given
by
g (I (x, y)) =

1
1 + |∇I (x, y)|n

(3.19)

where n is given as 1 in [79]. The contour moves in the normal direction with a speed
of g (I (x, y)) (κ (φ (x, y)) + ν), therefore stops on the edges, where g(·) vanishes. The
curvature term κ(·) maintains the regularity of the contours, while the constant term
ν accelerates and keeps the contour evolution by minimizing the enclosed area.
The Geodesic active contour model was proposed by [80] after the geometric active
contour model. Yezzi et al. [81] also proposed a similar active contour model. Based
on the principle of classic dynamic systems, solving the active contour problem is
equivalent to finding a path of minimal distance, called geodesic curve given by
∂C
= (g (I (x, y)) κ (φ (x, y)) − ∇g (I (x, y)) · N ) N
∂t

(3.20)

where N denotes the inward unit normal given by
N =−

∇φ
k∇φk

(3.21)
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(a)

(b)

(d)

(c)

(e)

Fig. 3.4. Segmentation with geodesic active contours.

From the relation between a contour and a level set function and the level set formulation of the steepest descent method, solving this geodesic problem is equivalent to
searching for the steady state of the level set evolution equation [80] given by
∂φ (x, y)
= g (I (x, y)) (κ (φ (x, y)) + ν) |∇φ (x, y)| + ∇g (I (x, y)) · ∇φ (x, y) (3.22)
∂t
We can notice the geodesic active contour model shown in Equation 3.22 is identical to
the geometric active contour model shown in Equation 3.18 except for the additional
term ∇g (I (x, y)) · ∇φ (x, y). Figure 3.4 shows an example of image segmentation
using geodesic active contours. Geodesic active contour have been the most popular
methods among the edge-based active contour models and their applications have
been extended to multispectral images by Sapiro.
Color snakes is a geodesic active contour model particularly for multispectral
images propose by Sapiro [82, 83]. In order to detect the edges in multispectral
images, a special gradient function based on Riemannian geometry, known as the
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color gradient function, is used instead of the traditional image gradient function. A
simple example of the color gradient function is given by
g (I (x, y)) =

1
1 + (λ+ − λ− )

(3.23)

where λ+ and λ− represent the maximal and minimal rate of changes on the multispectral image I(x, y), respectively.
Due to the structure of the speed functions and the stopping functions in Equation
3.13 and Equation 3.22, edge-based active contour models have a few disadvantages
compared to the region-based active contour models. Because of the constant term
ν, edge-based active contour models evolve the contour towards only one direction,
either inside or outside. Therefore, an initial contour should be placed completely
inside or outside of ROI, and some level of a prior knowledge is still required. Also,
edge-based active contours inherit some disadvantages of the edge-based segmentation
methods due to the similar technique used. Since both edge-based segmentation and
edge-based active contours rely on the image gradient operation, edge-based active
contours may skip the blurry boundaries, and are sensitive to local minima or noise
as edge-based segmentation methods often do.

3.2.4

Region-Based Active Contours

Most region-based active contour models consist of two parts: the regularity part,
which determines the smooth shape of contours, and the energy minimization part,
which searches for uniformity of a desired feature within a subset. A nice characteristic
of region-based active contours is that the initial contours can located anywhere in the
image as region-based segmentation relies on the global energy minimization rather
than local energy minimization. Therefore, less prior knowledge is required than
edge-based active contours.
The Piecewise-constant active contour model was proposed by Chan and Vese [74]
using the Mumford-shah segmentation model [84]. Piecewise-constant active contour
model moves deformable contours minimizing an energy function instead of searching
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(a)

(b)

(d)

(c)

(e)

Fig. 3.5. Segmentation with Chan-Vese active contour without edges.

edges. A constant approximates the statistical information of image intensity within
a subset, and a set of piecewise-constant approximate the statistics of image intensity
along the entire domain of an image. The energy function measures the difference
between the piecewise-constant and the actual image intensity at every image pixel.
The level set evolution equation is given by
£
©
ª¤
∂φ (x, y)
= δε (φ (x, y)) νκ (φ (x, y)) − (I (x, y) − µ1 )2 − (I (x, y) − µ0 )2
(3.24)
∂t

where µ0 and µ1 denote the mean of the image intensity within the two subsets,
i.e. the outside and inside of contours, respectively. The final partitioned image can
be represented as a set of piecewise-constants, where each subset is represented as
a constant. This method has shown fastest convergence speed among region-based
active contours due to the simple representation. Figure 3.5 shows an example of
image segmentation using Chan-Vese active contour without edges.
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The Piecewise-smooth active contour model was proposed by Tsai et al. [85].
The same segmentation principles used for piecewise-constant model partitions an
image, but a smoothed partial image instead of constants represent each subset. The
evolution equation is given by


∂ϕ (x, y)

= δε (ϕ (x, y)) 
∂t


 

 (I (x, y) − µ (x, y))2 
1

νκ (ϕ (x, y)) −
 − (I (x, y) − µ (x, y))2  

0

¡
2
2¢
−ω |∇µ1 (x, y)| − |∇µ0 (x, y)|

(3.25)

where µ0 (x, y) and µ1 (x, y) denote the smoothed images within the outside and inside
of contours, respectively.
Although traditional region-based active contours partition an image into multiple
sub-regions, those multiple regions belong to only two subsets: either the inside or
outside of contours. Chan and Vese proposed multi-phase active contour model [76],
which increases the number of subsets that active contours can find simultaneously.
Multiple active contours evolve independently based on the piecewise-constant model
shown in Equation 3.24 or the piecewise-smooth model shown in Equation 3.25, the
multiple subsets are defined by a group of disjoint combination of the level set functions. For example, N level set functions define maximum 2N subsets of the entire
region. An example of subsets defined by 4-phase active contour is
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where {Ω0 , Ω1 , Ω2 , Ω3 } denote the four subsets defined by two level set functions
{φ1 , φ0 }, i.e. two active contours. The level set evolution equation for this case is
given by

∂φ1 (x,y)
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∂t















= δε (φ1 (x, y)) νκ (φ1 (x, y)) − 






















= δε (φ2 (x, y)) νκ (φ2 (x, y)) − 













 (I (x, y) − µ )2 − 
3
H+
 (I (x, y) − µ )2  2
2


 (I (x, y) − µ )2 − 
1
(1 − H2 )
 (I (x, y) − µ )2 
0


 (I (x, y) − µ )2 − 
3
H1 +
 (I (x, y) − µ )2 
1


 (I (x, y) − µ )2 − 
2
(1 − H1 )
 (I (x, y) − µ )2 
0


































(3.27)

where Hn ≡ Hǫ (φn (x, y)) and {µ0 , µ1 , µ2 , µ3 } denote the mean of image intensity
within each corresponding subsets {Ω0 , Ω1 , Ω2 , Ω3 }. Multi-phase active contours provide a means to integrate segmentation and pattern classification tasks. An image is
partitioned into multiple sub-regions and they simultaneously identify those regions
into classes. Depending on whether training samples are provided or not, supervised or unsupervised segmentation can actually perform supervised or unsupervised
pattern classification. This provides a way to the autonomous pattern classification
technology reducing the number of procedures and processing time.
The same segmentation principle can be extended to multispectral images by taking the mean of energy functions measured at each band [86]. The level set evolution
equation of 2-phase active contour model is given by



2
N 

X
ω1n (In (x, y) − µ1n )
1
∂ϕ (x, y)

= δε (ϕ (x, y)) νκ (ϕ (x, y)) −
∂t
N n=1  −ω0n (In (x, y) − µ0n )2 
(3.28)

where µi = [µi1 , µi2 , ..., µin , ..., µiN ]T denote the mean value of the vector valued image
intensity I(x, y) within the corresponding subset Ωi . ωi > 0 are parameters for each
band. We adopted this method and applied to color images in RGB color space.
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(a)

(b)

(d)

(e)

(c)

(f)

Fig. 3.6. Segmentation with Chan-Vese active contour on vector-valued image.

Figure 3.6 shows an example of applied the method to the RGB channels of a vectorvalued image.
Due to the global energy minimization, region-based active contours generally
do not have any restriction on the placement of the initial contours. That is, regionbased active contour can detect interior boundaries regardless of the position of initial
contours. The use of pre-defined initial contours provides a method of autonomous
segmentation. They are also less sensitive to local minima or noise than the edgebased active contours. However, due to the assumption of uniform image intensity,
most methods are applicable only to images where each subset is representable by a
simple expression, e.g. single Gaussian distribution or a constant. If a subset consists
of multiple distinctive sub-classes, these methods would produce over-segmented or
under-segmented results.
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We use the region-based active contours approach in some of the controlled diet
studies done by the nutritionist where simple types of food are given to test subjects
for evaluation. In addition, the review tool in the mpFR application allows a participant to use a pen drawing tool to create a rough contour of any food object where
initial analysis fails to locate and/or identify it. Such user feedback information contains lists of x, y coordinates associated with the pen drawing tool. These points are
connected using linear interpolation method to create an initial contour needed to
apply the active contours model. Therefore, final segmentation mask for each food
objects is generated by refining the segmentation results from the the automatic image
analysis as illustrated in Figure 3.1. In particular, we use the Chan-Vese model [86]
for color images in the RGB color space as describe in Equation ??. N = 3 denotes
the three color components, µ1n and µ0n corresponds to the mean value of each color
component inside and outside of the contour. ω1n > 0 and ω0n > 0 specifies weighting
parameters for each color component.
The active contours model works well when the food items are separated from
each other, however, it sometimes fails to distinguish multiple food items that are
connected. Due to the restriction of the current model to separate only two regions, images with more than one object region cannot, therefore, be captured by
the model. Multiphase models in combination with other segmentation techniques
such as region competition have been proposed to solve the multiregion segmentation
problem; however, the initialization problem associated with active contour models
is still a challenge. As a result, we investigated other techniques to extract multiple
objects in an image, in particular methods based on graph theory.

3.3

Graph-Theoretical Methods
The goal of graph theory based approaches is to partition a graph describing the

entire image into a set of connected components that correspond to image regions.
When an image is set equivalent to a graph, the set of points in an arbitrary feature
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space are represented as weighted undirected graph G = (V, E), where the nodes of
the graph are points in the feature space, and an edge is formed between every pair
of nodes. V is a set of vertices or nodes, each node represents one image element.
The image elements can be individual pixels, small regions, or other types of image
features. Usually only elements within a small neighborhood are connected. This
provides spatial coherence and has computational advantages. E is a set of edges
linking neighboring nodes together. The weight of the edge is proportional to the
similarity between the vertices it joins together. The edge weight is also known as
pairwise similarity, or pairwise affinity. In general, given a graph G = (V, E) graph
based segmentation methods attempt to find groups of nodes in G that are strongly
connected to one another, but weakly connected to the rest of the graph. Figure 3.7
shows a fully-connected graph and an example of the the similarity measure between
two nodes. There are generally two methods for grouping the nodes. The splitting
methods partition a graph by removing redundant edges while the region growing
methods join components based on the attributes of nodes and edges. Next, we
describe some graph partitioning approaches.

3.3.1

Review of Graph Partitioning Approaches

The most efficient graph-based segmentation methods use fixed thresholds and
local measures to find regions. For example, the approach in [87] describes a method
by breaking large edges in a Minimum Spanning Tree (MST) of the graph. Given a
connected and undirected graph, a spanning tree of that graph is a subgraph connecting all the vertices together like a tree. Multiple spanning trees can exist in a single
graph. Each edge is assigned with a weight, which is used to assign a weight to a
spanning tree by summing the weights of all edges in the spanning tree. A minimum
spanning tree can then be defined as a spanning tree whose weight is less than or
equal to the weight of other spanning trees. Such a tree can be constructed efficiently
using Kruskals method, where the process starts with the completely disconnected
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(a)

(b)

Fig. 3.7. Images as graphs. (a) is a fully-connect graph, every pixel is
considered to be a node, Cpq is measures the similarity between every
pair of pixels, p, q, (b) shows an example of the similarity measure
between two nodes.

graph, edges are added in increasing order of weight as long as doing so does not
introduce a cycle. The process stops when all the vertices are connected.
Felzenszwalb and Huttenlocher [88] proposed the local variation method that partitions the image so that for any pair of regions, the variation between the regions
should be larger than the variation within the regions. They introduced a simple
but effective modification of Kruskal’s algorhtim. During processing, each MST Ci is
associated with a threshold
T (Ci ) = w (Ci ) + k/ |Ci |

(3.29)

where w(Ci ) called the local variation of Ci is the maximum weight in the spanning
tree Ci . |Ci | is the number of pixels in Ci and k > 0 is a constant. To process edge
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(xk , xl ) whose two endpoints are in two separate MSTs, Ci and Cj , these MSTs can
be merged by adding the edge (xk , xl ) only if
w (xk , xl ) ≤ min (T (Ci ) , T (Cj ))

(3.30)

Note that, as the size of Ci increases, Equation 3.29 and 3.30 dictate an increasingly
tight affinity upper bound T (Ci ) of an edge merging Ci with another region. Sorting
the edges according to weight causes the method to connect relatively homogeneous
regions first. The merging process is very sensitive to the local variation in the merged
regions. Because of the increasingly tight bound as seen in 3.29, a large homogeneous
region Ci can only be merged by edges having weights that are larger than the largest
affinity w(Ci ) in the MST Ci . This encourages growth of small regions Ci due to
this loose bound. As a result, the approach tends to produce narrow regions near the
“true segment boundaries, but can be computed very efficiently.
Another method [89] is based on computing the minimum cut in the graph representing an image. The criterion for a cut is designed to minimize similarity between
split regions. This approach shows advantage of capturing non-local properties of the
image. A cut through a graph is defined as the total weight of the links that must be
removed to divide the graph into two separate components.
cut (A, B) =

X

w (i, j)

(3.31)

i∈A,j∈B

The goal is to find the cut through the graph that has the overall minimum weight
M inCut (A, B) = min (cut (A, B))
A,B

(3.32)

The cut should correspond to the subset of edges of least weight that can be removed
to partition the graph. Since weight encodes similarity, this should be equivalent to
partitioning the graph along the boundary of least similarity. The method can be
computed efficiently, however, it has a preference for short boundaries and sometimes
picks a trivial partition. Therefore, solution needs to be constrained to avoid such
trivial cuts. Figure 3.8 shows an example of breaking graph into segments by delete
links that cross between segments.
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(a)

(b)

Fig. 3.8. Segmentation by Graph Cuts. (a) shows a graph with deleted
links that cross between segments, (b) shows an example of the graph
cut method.

The S-T min-cut method [90] reduces the problem of trivial cuts by introducing
two special nodes called souce (s) and sink (t). s and t are linked to some image
nodes by links of very large weight so that they will never be selected in a cut. Then
the goal is to seek a minimum cut separating s and t. That is, we seek a partitioning
of the graph into two sets of nodes F and G, with G = V − F, s ∈ F, andt ∈ G, such
that the linkage
L (F, G) =

X

a (xi , xj )

(3.33)

xi ∈F,xj ∈G

is minimized. Due to the constraints, the computation of S-T min-cut problem is much
simpler than the general graph partition problem. An S-T graph can be generated to
fine an efficient solution to the S-T min-cut problem. Given two sets of disjoint pixels
S and T , a weighted directed graph is formed as follows. Two directed edges hxi , xj i
and the reverse edge hxj , xi i are included for each edge (xi , xj ) in the undirected
graph. Both of these edges are weighted by the affinity a(xi , xj ). Two additional
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nodes s (source) and t (sink) are created. Finally, for each xi ∈ S and xj ∈ T , two
infinitely weighted directed links hs, xi i and hxj , ti are included. The sets S and T
must satisfy the following:
1. Each S and T generated must be sufficiently large, otherwise, we get a trivial
cut that contains only the image nodes in either the set for S and the set for T
2. Both sets should be fully contained within ‘natural’ segments. This is because
the sets themselves will never be partitioned due to infinite weights.
3. Enough pairs of S and T should be generated to identify most of the salient
segments in the image.
Estrada et al [91] introduces a suitable generation process based on spectral properties
of the affinities matrix. However, the process is computationally heavy because several
hundred min-cut problems need to be solved for different combination of S and T .

3.3.2

Normalized Cut

The min-cut method often favors cutting small sets of isolated nodes in the graph
due to the minimum cut criteria. Figure 3.9 illustrates an example. Assuming the
edge weights are inversely proportional to the distance between the two nodes, the
cut that partitions nodes n1 and n2 have very small value. Furthermore, any cut that
partitions individual nodes on the right region will have smaller cut value than the
cut that partitions the nodes into the left and right regions. To avoid such bias, Shi
and Malik [92] proposed the normalized cut criterion that computes the cut cost as
a fraction of the total edge connections to all the nodes in the graph that penalizes
large segments. This normalized cut measure is represented as
N Cut (A, B) =

cut (A, B)
cut (A, B)
+
assoc (A, V ) assoc (B, V )

(3.34)
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Fig. 3.9. An example where minimum cut gives a bad partition.

where the term assoc(A, V ) is the total weight of the connections between the region
A and the rest of the nodes in the graph
X

assoc (A, V ) =

w (i, j)

(3.35)

i∈A,j∈V,(vi ,vj )∈E

Solving for the optimal NCut exactly is NP-complete, however, we can obtain an
approximate solution. Let W be the affinity matrix such that W (i, j) contains the
weight of the edge linking nodes i and j. We also define a diagonal matrix D, such
P
wi,j and D(i, j) = 0. Then it turns out that we can minimize
that D(i, i) =
j

N Cut(A, B) by

min N Cut (A, B) = min
A,B

y

yT (D − W) y
yT Dy

(3.36)

The above equation can be minimized by solving the generalized eigenvalue problem
if y is relaxed to take real values,
(D − W) y = λDy

(3.37)

The above equation can be solved by converting to standard eigenvalue problem,
1

1

D− 2 (D − W) D− 2 z = λz,

1

where z = D 2 y

(3.38)
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It can be shown that the second smallest eigenvector is the solution to the Normalized
Cut problem.
The recursive two-way NCut grouping method consists the following steps. Given
an image I, a weighted graph G = (V, E) can be constructed where each node of the
graph is a pixel of the image I. Let N be the number of nodes in |V|.
Step 1
An N × N symmetric similarity matrix W is constructed as the following:

−kX(i)−X(j)k22
2
if kX (i) − X (j)k2 < r
2
− kF (i) − F (j)k2  exp
σX
∗
(3.39)
wi,j = exp

σI2
0
otherwise

where X(i) represents the spatial location of node i and F(i) is a feature vector that
takes on values such as:
• F(i) = I(i) representing the intensity value when segmenting gray scale images,
• F(i) = [v, u · s · sin(h), v · s · cos(h)](i), for segmenting color images where h, s,
v represent color images using HSV components,
• F(i) = [|I ∗ f1 |, ..., |I ∗ fn |](i), where the fi represents individual Difference of
Gaussian filter at various scales and orientations for texture segmentation.
Define di =

P

wi,j as the total connection from node i to all other nodes. An N × N

j

diagonal matrix D can be constructed with d on its diagonal.
Step 2
Solve the generalized eigensystem,
(D − W) y = λDy

(3.40)

and get an eigenvector with the second smallest eigenvalue.
Step 3
The eigenvector from Step 2 can be used to bipartition the graph. Ideally, the
eigenvector should only take on two discrete values, thus the signs can be used to
partition the graph (A = {Vi |yi > 0}, B = {Vi |yi ≤ 0}). Unfortunately, because y
contain real values, a splitting point needs to be chosen with the following options,
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• Choose 0
• Choose the median
• Choose a splitting point which minimized the NCut(A,B).
The splitting point which minimizes NCut value also minimizes
yT (D − W) y
yT Dy
where y = (1 + x) − b(1 − x), b = k/(1 − k) and
P
xi >0 di
k= P
i di

(3.41)

(3.42)

where x is an N dimensional indicator vector, xi = 1 if node i is in A and −1,
otherwise. otherwise. We need to try different values of splitting points to find the
minimal NCut. Generally, the optimal splitting point is around the mean of resulting
eigenvectors.
Step 4
To generate multiple segmentations, we need to repeat the bipartition recursively.
The recursion stops if NCut value is larger than a pre-selected threshold, or the total
number of nodes is smaller than the threshold value.
Figure 3.10 shows the second smallest to the ninth smallest eigenvalues of the
system. Various image features such as intensity, color, texture, contour continuity,
motion can be combined under one uniform framework. We used intensity and color
as the image features for using normalized cut on food images. Methods to optimize
the normalized cut criterion such as cue combination and the number of clusters are
discussed in [93] to obtain meaningful segmentations.
Alternatively, one can use all the top eigenvectors to simultaneously obtain a
K-way partition instead of the recursive 2-way cut described above.
1. We start with a simple clustering method, such as k-means, to obtain an oversegmented image with k regions
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(a)

(b)

(d)

(e)

(g)

(h)

(c)

(f)

(i)

Fig. 3.10. (a) is a gray level image, (b)-(i) show the eigenvectors
corresponding to the second smallest to the ninth smallest eigenvalues
of the system.

2.

• Apply greedy pruning to iteratively merge two segments at a time until
only k segments are left, minimizing the k-way NCut criterion
N Cutk =

cut (Ak , V − Ak )
cut (A1 , V − A1 ) cut (A2 , V − A2 )
+
+ ... +
assoc (A1 , V )
assoc (A2 , V )
assoc (Ak , V )
(3.43)

• Apply global recursive cut from the initial segments to build a condensed
graph. Based on this graph, recursively bipartition the graph according to
NCut criterion.
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3.4

Semi-Automatic Segmentation
In this type of segmentation, the user outlines the regions with mouse clicks and

methods are used so that the path that best fits the edge of the image is constructed.

3.4.1

Related Work

Many popular image editing programs contain semi-automatic object extraction
tools. The most popular tool for extracting foreground semi-automatically in image
editing programs such as Adobe Photoshop [94] is Magic Wand. Magic Wand starts
with a small user-specified region. It then performs region growing such that all selected pixels fall within user-adjustable tolerance of the color statistics for a specified
region. For natural images, finding the correct tolerance threshold is often problematic. The methods work well for images which contain few colors, such as drawings.
For “natural” images that contain many colors, such as photographs, the results are
unusable or the interaction required is far from being feasible.
Intelligent Scissors [95] can be used to select contiguous areas of similar color in
a fashion similar to Magic Wand. Intelligent Scissors creates a selection boundary by
assisting the user to create a set of connected line segments around the objects. Nodes
are joined with mouse clicks using curve shapes that attempt to follow color weights.
Although this method works with sub-pixel accuracy, a satisfactory segmentation is
only achieved with very simple images that have clear edges.
Bayes Matting models color distributions probabilistically to achieve alpha mattes
[96] base on [97]. The method uses a shrinked shape of the object and a subset of the
background as input. The user uses a “brush” to coarsely redraw the shape of the
input with the brush stroke having to contain both foreground and background. The
method then tries to compute opacity values over the pixels marked with the brush.
The main disadvantage is that for complicated objects the user must specify quite
detailed shape information for the method to work properly.
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Knockout-2 is a proprietary plug-in for Photoshop [98]. According to [96] the
results are sometimes similar or less quality than Bayes Matting. Adobe Photoshop
contains a tool called extract, which requires a little less user interaction. Instead of
two strokes, only one thick brush strokes has to be drawn by the user, which has to
cover the edge of the the object. Extract produces similar results to Knockout-2.
GrowCut [99] is a method based on cellular automaton. The classification of a
pixel is partly determined by the classification of its neighbors. Doing this over many
iterations, the selection will become more and more stable. Due to the large number
of iterations required, this process takes more than one minute even for moderate
complex images that are far from the higher resolution images captured by modern
digital cameras.
GrabCut [100] is a two step approach. The first step is automatic segmentation
that relies on the work of GraphCut [?], which is based on a powerful optimization
technique that can be used in ways similar to Bayes Matting, including trimaps
and probabilistic color models. This method can achieve robust segmentation even
in a camouflage, when foreground and background color distributions are not well
separated. The second step is manual post-editing based on the idea of building a
graph where each pixel is a graph node with edges connecting to its 8 neighboring
pixels. The edges are weighted to form a max-flow/min-cut problem to compute
the segmentation. The user only need to select the region of interest. The manual
post-processing tools include a background brush, a foreground brush, and a matting
brush to smooth region boundaries or re-edit segmentation error manually. GrabCut
is quite robust compared to methods mentioned earlier but can only select one object
at a time. The method minimizes a global cost function which cannot distinguish
between fine local details and noise. Therefore, it fails for highly detailed regions and
noisy pictures.
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3.4.2

Simple Interactive Object Extraction

Simple Interactive Object Extraction (SIOX) [101] is an method for extracting
foreground objects from color images and video with little user interaction. It has
been implemented as “foreground selection” tool in the GIMP [102], and as part of the
tracer tool in Inkscape [103]. SIOX defines foreground as a set of spatially connected
pixels that the user is interested. The rest of the image is considered as background.
The input for the SIOX method is a color image in CIELAB space and an initial
confidence matrix Mi . A confidence matrix has the same dimensions as the image.
Each element of the matrix contains a floating point number that lies in the interval [0,
1] and corresponds to one pixel in the image. A value of 0 means the corresponding
image pixel belongs to the background, and a value of 1 means the corresponding
image pixel belongs to the foreground. Any value between 0 and 1 describes a certain
tendency that the corresponding pixel belongs to either foreground or background,
with 0.5 indicating no preference. In the following, confidence values of 1 mean known
foreground, values of 0 known background, and values of 0.5 unknown. This notion
of a confidence matrix has a few advantages. The confidence matrix along with the
original picture can easily be passed between different processing steps. Its elements
can easily be interpreted as probabilities or as values of a gray-scale image. The
latter interpretation allows for standard image operations, such as convolutions or
morphological operators, without having to alter the original image. The confidence
values can directly be mapped to transparency values. The input confidence matrix
for SIOX may contain known foreground, known background, and unknown elements.
However, It must contain at least known background. Mi is either specified by the
user or generated by an automatic classifier. The method contains the following steps:
1. Color signatures SB and SF are created. SB represents the specified known
background and SF the known foreground (either it has been specified or the
signature is calculated as a difference signature between the signature of the
entire image and SB ).
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(a)

(b)

(c)

Fig. 3.11. (a) Original input image, (b) A user-provided selection (red:
region of interest, green: know foreground), and (c) Corresponding
confidence matrix (black: known background, gray: unknown, white:
known foreground).

2. Each unknown pixel of the image is classified as either foreground or background
using a nearest-neighbor search in SF and SB . This produces a new confidence
matrix Mo .
3. Noise is filtered by using a erode/dilate morphological operation and a blur
operation on the matrix Mo to remove artifacts and optionally close holes up
to a specific size.
4. Connected components are identified with high confidence in Mo which are
large enough or correspond to user markings. Values of all other connected
components are set to 0.
5. The confidence matrix Mo is then used. This is usually done by mapping the
elements of Mo directly to the transparency values of the pixels contained in
the image.
Figure 3.11 shows a sample input for the method and the corresponding confidence
matrix.
A color signature is defined as a set of representative colors, not necessarily a
subset of the input colors. A color signature is constructed by clustering a set of
pixels into equally-size. The centroids of the clusters are defined as the representative
colors. A color signature is created from a set of pixels as follows: Given a set of
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color pixels, all colors are regarded as points in a d-dimensional color space. This
color space is subdivided recursively, starting with the whole space. For each step i,
the points in the current box B of the subdivision are projected onto the axis a along
dimension i mod d. Two extreme projections p, q are determined, and if kp − qk is
larger than a given threshold li

mod

d,

B is split into two with a plane orthogonal

to a at (p + q)/2 . This is repeated until all boxes have at least one dimension that is
smaller than the threshold for that dimension. Through experiments, the triple (0.64,
1.28, 2.56) for the box width in dimension i was found to be a good set of threshold
values using genetic methods.
In a second pass, all center points of the boxes resulting from pass one are taken
and are used as input points for the same method. To improve noise robustness,
only the center points of such boxes B are considered that contain at least t points
for a fixed threshold t. These points are representative points and therefore become
part of the signature. A good value for t is the number of specified pixels divided by
1000. As observed by [104], this clustering method produces a good distribution and
a representative signature with few points.
A color signature is built for the set of pixels having confidence 0 and another one
is built for pixels of confidence 1. If the confidence matrix does not contain any pixels
with confidence 1, the foreground signature is found by color signature subtraction
which is defined as follows. Two color signatures S1 and S2 are subtracted into
a resulting signature R = S1 \S2 by comparing the representative colors contained
in S1 and S2 using the Euclidean distance. For each element in S2 , the element
in S1 with minimum distance is marked. R is a subset of S1 that contains only
those representative colors of S1 that have not been marked. S2 must not contain
more elements than S1 . In order to build a foreground signature when only known
background is given, the background signature is subtracted from the signature of
the entire image.
Pixels with confidence value 0.5 are classified using nearest neighbor search. If
the Euclidian distance of a pixels color is closer to an element of the foreground sig-
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nature than to all elements of the background signature, it is classified as foreground.
Otherwise it is classified as background. If a color has equal minimal distances to
both signatures, the pixel is considered foreground. The practical reason behind this
is that it is usually easier to erase wrongly classified foreground than to reconstruct
wrongly classified background in most image editing tools.
Simple foreground/background classification based on the distances to the color
signatures will usually select some individual pixels in the background with a foreground color and vice versa, resulting in tiny holes in the foreground object. Again,
the incorrectly classified background pixels are eliminated by a standard “erode” morphological operation while tiny holes are filled by a standard “dilate” morphological
operation [71] directly done on the confidence matrix. A breadth-first search using
the confidence matrix is performed to identify all spatially connected regions that
were classified as foreground. Either the biggest region or all regions with an area
greater than a threshold are considered as the final foreground object(s). The user
can specify a smoothness factor to define how much smoothing should be applied
to the confidence matrix. More smoothing reduces small classification errors. Less
smoothing is appropriate for high-frequency object boundaries. The values of the
confidence matrix are directly used as transparency values (α values) for each corresponding pixel. Figure 3.12 shows a sample result before and after post-processing.

3.4.3

GIMP Tool

For still image object segmentation, the user specifies the known background and
known foreground regions manually. In the following, the user-specified regions are
called trimap. As discussed in the previous section, the known foreground is optional,
but it improves the robustness of the segmentation. To provide this information, the
user makes several selections with a mouse. The outer region of the first selected area
specifies the known background while the inner region defines the unknown region.
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(a)

(b)

Fig. 3.12. Color classification result. (a) result before post-processing,
(b) result after post-processing.

Fig. 3.13. An example of SIOX tool in Gimp used with a food image.

Using additional selections, the user may specify one or more known foreground regions or additional background regions to refine the region of interest. Internally, the
trimap is mapped into a confidence matrix. Figure 3.13 illustrates an example of the
approach used with a food image.
Using this interaction style, SIOX has been integrated into the core of the opensource project GIMP (GNU Image Manipulation Program) [102]. A freehand selection
tool is used to specify the region of interest. It contains all foreground objects to
be extracted and few background pixels. The pixels outside the region of interest
form the known background while the inner region defines the unknown region. The
known background is visualized as dark area. The user then uses a foreground brush
to mark representative foreground regions. Internally, this input is mapped into a
confidence matrix, where each element of the matrix represents a pixel in the input
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(a)

(b)

Fig. 3.14. (a) Select region of interest, (b) Result from segmentation.

image. The values of the elements lie in the interval [0, 1] where a value of 0 specifies
known background, a value of 0.5 specifies unknown, and a value of 1 specifies known
foreground. Once the mouse button has been released, the selection is shown to
the user. The user can refine the selection by either adding additional foreground
markings or by adding background markings using the background brush. The final
selection mask is created when the user pressing the “Enter” key. The object can
then be manipulated independently. Figure 3.14 shows an example of using the tool
to extract an object in a food image.

3.5

Multilevel Segmentation
Assigning predefined class labels to every pixel in an image is a highly uncon-

strained problem. Human vision system has the remarkable abilities to group pixels
of an image into object segments without knowing a priori which objects are present
in that image. Designing well-behaved models capable of making more informed
decisions using increased spatial support is an open problem for segmentation and
classification systems. It is necessary to work at different spatial scale on segments
that can model either entire objects, or at least sufficiently distinct parts of them.
Recent developments in this area have shown promising results. In [105], the au-
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thors present a framework for generating and ranking plausible objects hypotheses
by solving a sequence of constrained parametric min-cut problems and ranking the
object hypotheses based on mid-level properties. A multiple hypothesis framework
is proposed in [106] for robust estimation of scene structure from a single image and
obtaining confidences for each geometric label. Sivic et. al. [107] use a probability
latent semantic analysis model to discover the object categories depicted in a set
of unlabeled images. The model is applied to images using vector quantization on
SIFT-like region descriptors.
Given a large, unlabeled collection of images, for each pixel in the test images,
our goal is to predict the class of the object containing that pixel or declare it as
“background” if the pixel does not belong to any of the specified classes. The output is
a labeled image with each pixel label indicating the inferred class (object). We exploit
the fact that segmentation methods are not stable as one perturbs their parameters,
thus obtaining a variety of different segmentations. Many segmentation methods such
as Normalized Cuts [92], use the number of segments as one of the input parameters
of the segmentation method. Since, the exact number of segments in an image is not
known a priori, a particular choice of the number of segments results in either an under
segmented or over segmented image. Further, for a particular choice of number of
segments, some objects may be under segmented, while others may be over segmented.
That is, some of the segments may contain pixels from more than one class while more
than one segments may correspond to a single class. The probabilistic classifier used
in our system, for classification of these segments, provides the K most probable
candidate classes along with their probability estimates. Consequently, probability
estimates achieve smaller values for over-segmented or under-segmented classes. To
overcome these problems associated with the unknown number of segments in images,
we aim to generate a pool of segments for each image to achieve high probability of
obtaining “good” segments that may contain potential objects. Since we are not
relying on any particular segmentation to be correct, the choice of segmentation
method is not critical. Figure 3.15 describes an overview of our approach. Given
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Fig. 3.15. Proposed Segmentation Approach.

an input image, we first use salient region detection to identify potential regions in
the image containing objects of our interest. The proposed multilevel segmentation
approach is then used with each salient region SR1, SR2, SR3 . . . , this step results in
a number of segmentations to be classified based on the selected features. Normalized
Cuts is used to generate segments in each of the salient regions as indicated in Figure
3.15. The results from the classifier are then used as feedback to the select the
“optimal” parameters for the Normalized Cuts. In Section 3.2.4 we describe the
use of region-based active contours model to refine the segmentation based on user
feedback information. Here, we focus our discussion on the multilevel segmentation
approach without user interaction.

3.5.1

Salient Region Detection

Our proposed segmentation method includes an initial step to identify regions of
interest. Unique to our application, we are interested in regions of an image containing
food objects. The region of interest detection is useful to our task of assigning correct
label to each pixel by rejecting non-food objects such as the tablecloth, utensils,
napkins, and thus reducing the number of pixels to be processed.
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Knowledge-based methods are used to determine these regions of interest. The
first step is to remove the background pixels from our search space. The images
from our user studies contain uniformly colored tablecloths, therefore, we can generate a foreground-background image by labeling the most frequently occurring color
in the CIE L∗ a∗ b∗ color space as the background pixel color. Another foregroundbackground image is formed by identifying strong edges present in each RGB channel
of the image. In particular, we use the Canny operator to extract the edgesc̃itefind a
citation for the Canny operator. Edge pixels are linked together into lists of sequential edge points, one list for each edge contour. These edge lists are transferred back
into a 2D image array [108]. We combine background and edge images and remove
undesired noise, such as holes, gaps, and bulges with morphological operations. We
then label connected components in the binary image. Since food items are generally
located in a plate, bowl, or glass that have distinctive shapes, our goal is to detect
these objects. We first remove known non-food objects such as the fiducial marker,
currently a checkerboard pattern, used as both a geometric reference and color reference. To determine which components contain potential food items, we use the Canny
edge filter [109] on each component and obtain the normalized edge histogram. The
criteria for identifying components that contain food objects is the uniformity of the
edge histogram. We compute the euclidean distance between the normalized edge
histogram of each salient region and a uniform distribution. Based on this criteria, a
threshold is selected to determine salient region.

3.5.2

Multiscale Segmentation

By using multiscale segmentations, recent studies have achieved promising segmentation results under non-trivial conditions. In [110], the authors use an algebraic
multigrid to find an appropriate solution to the normalized cut measures and describe
a process of recursive coarsening to produce an irregular pyramid encoding region
based on grouping cues. Another method, proposed in [111] constructs multiscale

68
edges defining pairwise pixel affinity at multiple grids. Simultaneous segmentation
through all graph levels is evaluated based on the average cuts criterion.
We adopted the approach proposed in [112], where multiple scales of the image are
processed in parallel without iteration to capture both coarse and fine level details.
The approach uses the Normalized Cut [92] graph partitioning framework. In the Normalized Cuts framework, segmentation quality depends on the pairwise pixel affinity
graph. A larger graph radius generally makes the segmentation better. However, the
advantage of graphs with long connections comes with a great computational cost.
If implemented naively, segmentation on a fully connect graph G of size N would
require at least O(N 2 ) operations. Therefore, the ideal graph connection radius is a
trade off between the computation cost and segmentation result.
In Normalized Cuts, an image is modeled as a weighted, undirected graph. Each
pixel is a node in the graph with an edge formed between every pair of pixels. The
weight of an edge is a measure of the similarity between the two pixels, denoted as
WI (i, j). The image is partitioned into disjoint sets by removing the edges connecting
the segments. The optimal partitioning of the graph is the one that minimizes the
weights of the edges that were removed (the cut). The method in [92] seeks to
minimize the Normalized Cut, which is the ratio of the cut to all of the edges in the
set. Two simple, yet effective, local group cues are used to encode the pairwise pixel
affinity graph. Since close-by pixels with similar intensity value are likely to belong
to the same object, we can represent such affinity by:
!#
" Ã
kIi − Ij k22 kXi − Xj k22
+
.
WI (i, j) = exp −
2
σI2
σX

(3.44)

where Ii and Xi denote pixel intensity and location. Image edges are also strong indicator of potential object boundary. The affinity between two pixels can be measured
by the magnitude of image edges between them,
WC (i, j) = exp

−maxx∈line(i,j) kEdge (x)k2
σC2

(3.45)
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where line(i, j) is the line joining pixel i and j, and Edge(x) is the edge strength at
location x. We can combine these two grouping cues with the tuning parameter α by
Wcomb (i, j) =

p
WI (i, j) × WC (i, j) + αWC (i, j) .

(3.46)

The graph affinity W (i, j) exhibits very different characteristics at different ranges
of spatial separation. Therefore, we can separate the graph links into scales according
to their underlying spatial separation,
Wf ull = W1 + W2 ≈ W1 + C1,2 T W2 C1,2 = Wreconstruction ,

(3.47)

where Wi contains affinity between pixels with certain spatial separation range and
can be compressed using a recursive sub-sampling of the image pixels such as the use
of interpolation matrix C1,2 between two scales. This decomposition allows one to
study behaviors of graph affinities at different spatial separations. The small number of short-range and long-range connections can have virtually the same effect as
a large fully connected graph. This method is able to compress a large fully connected graph into a multiscale graph with O(N ) total graph weights. The combined
grouping cues are used with the CIE L∗ a∗ b∗ color space. Selections of the Normalized Cut parameters to generate multiple segmentation hypothesis are discussed in
Section 3.5.5.

3.5.3

Fast Rejection

Having a large pool of segments makes our overall methods more reliable, however
many segments are redundant and not good. These segments are results of selecting
inappropriate clustering number in the segmentation step reflecting accidental image
grouping. We deal with these problems using a fast rejection step. We first filter out
small segments (up to 500 pixels in area) in our implementation as these segments do
not contain significant feature points to represent the object classes. We then assign
label to segments in each salient region which belong to background as detected
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previously. The number of segments that passes the fast rejection step is indicative
of how rich or cluttered a salient region is.

3.5.4

Feature Extraction and Classification

This section briefly describes the features used in our experiments. We have
proposed a framework that combines global and local features with late decision fusion [42]. Global features are the features that incorporate statistics of the overall
distribution of visual information in the object. For the global features we considered three types of color features namely color statistics, entropy statistics, and
predominant color statistics and three types of texture descriptors namely Entropy
Categorization and Fractal Dimension estimation (EFD), Gabor-Based Image Decomposition and Fractal Dimension Estimation (GFD), and Gradient Orientation
Spatial-Dependence Matrix (GOSDM). Finally, four types of local feature are also
used. Extracting local features consists of describing visual information from a neighborhood around points of interest in the segment. The local features used in this
thesis are: SIFT, Haar wavelets, Steerable filters, and color statistics.
Color features: Color statistics includes the 1st and 2nd order moment estimates
of the R, G, B, Cb, Cr, a, b, H, S, V channels for the entire segment. For Entropy
statistics each segment is first divided into smaller blocks (N × N pixels) and then
1st and 2nd order moment statistics of the entropy in the R, G, B channels are
estimated for each block. The average values for all the blocks is used as the final
entropy features. Predominant color statistics describes the distribution of four most
representative colors (in RGB space) for an object [113].
Texture features: EFD is an extension of multifractal analysis framework [114,
115]. We select the entropy of the image as a measure to define a point categorization. The Fractal dimension is, then, estimated for every point set according to this
categorization. This approach attempts to characterize the variation of roughness
of homogenous parts of the texture in terms of complexity. The Fractal dimension
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is estimated using the Box-counting method [116]. GFD is another variant of multifractal theory, in this case the image is decomposed into primitives in its spatial
frequency dimension. For each filtered response the fractal dimension is estimated.
Finally, our third texture descriptor, GOSDM consists of a set of gradient orientation spatial-dependence matrices to describe textures by determining the probability
of occurrence of quantized gradient orientations at a given spatial offsets.
As previously stated, we also use local features to describe visual information
from smaller portions of the segment/object. These include the SIFT descriptor
introduced by Lowe in 2004 [117], Haar wavelets, which capture the distribution of
gradients within the neighborhood around the point of interest, and Steerable filters
which refer to randomly oriented filters synthesized using a linear combination of
the basis filters [118]. The feature vectors consists of 1st and 2nd order moment
statistics of the response of the filtered patch. Finally, local color statistics features
are also considered. The 1st and 2nd of the R, G, B, Cb, Cr, a, b, H, S, V channels
around each point of interest are estimated to capture local color information. The
Differential-of-Gaussians approach (DoG) [117] is used for detecting the points of
interest.
The above features are independently classified for each of the 12 feature channels
(l = 1, · · · , 12). Global features are classified using Support Vector Machines(SVM) [119].
Radial Basis Function are used as kernels of our SVM implementation. Local features
are represented by the frequency histogram of visual words obtained by assigning each
descriptor of the segment to the closest visual word. Visual words are formed from
the training set by using hierarchical k-means clustering. For each of the four local
features, the signature of the segment is defined as follows:
φj = {(t1 , m1 ), ..., (ti , mi ), .., (tN , mN )}

(3.48)

where φj represents the signature of the object for the jth local feature channel, ti
represents the frequency term and mi is the medoid of the ith cluster. N is the number
of visual words. These signatures are applied to a nearest neighbor search method to
select the final class for each channel.
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Both classification methods used, namely SVM for global features and nearest
neighbors for local features, output K (K = 4 for these experiments) candidate
(l)

decision categories for each segment (Sq ), and each feature channel l, (ck (Sq )).
The final decision, Ck (Sq ), is made by applying a majority vote rule on ck (Sq ) =
(1)

(L)

[ck (Sq ), · · · , ck (Sq )]. This means that the top K categories are selected as final
candidates for segment Sq .
In our framework, not only the classifier’s decision is used as “side” information
for segmentation, but also the confidence score from the classifier. Independent of
which classification method is used for each individual feature, the confidence score
is estimated in the same fashion. The confidence score describes the classifier’s confidence that its inferred label is correct. The confidence score ψl (Sq , c), for assigning
segment Sq to class c in the feature channel l is defined as:
ψl (Sq , c) =

T
1X
exp(−d(Sq , Sci )), for each c ∈ CK (Sq ),
T i=1

(3.49)

where d(Sq , Sci ) represents the distance between normalized feature vector of the
query segment Sq and the normalized feature vector of the ith nearest neighbor training segment belonging to class c. T is set to 5 in our experiments. The final confidence
score for all feature channels of each candidate class c is defined as:
L

Ψ(Sq , c) =

1X
ψl (Sq , c),
L i=1

(3.50)

where L = 12 is the total number of feature channels, and ψl (., .) represents the
confidence score per feature channel, and Ψ(., .) the final confidence score of the
classifier to label segment Sq with label c.
As a result of this, each pixel in the segment is mapped to four confidence scores
corresponding to the four candidate categories predicted by the classifier. The next
section describes the approach followed to achieve segmentation stability and robustness by using the confidence scores.
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3.5.5

Optimal Segmentation

Each segmentation hypotheses vary in the number of segments and class labels,
thus making errors in different regions of the image. Our challenge is to determine
which parts of the hypotheses are likely to be correct and combine the hypotheses
to accurately locate the objects and determine their class labels. Since the “correct”
number of segments Q that yield an “optimal” segmentation is unknown a priori, we
would like to explore all possible parameter settings. We are still left with defining
the optimal segmentation. In [93], the authors built upon stability-based approaches
to develop methods for automatic model order selection. The approach includes the
ability to detect multiple stable clusterings instead of only one and a simple means
of estimating stability that does not require training a classifier.
We propose an iterative stability framework for joint segmentation and classification. To produce multiple segmentations, we vary the number of segments Q in two
ways, depending on the size of the salient region. For our image database, Q = 3 is
used as the initial number of segments for regions less than 250-pixels in length or
breadth of a bounding box, and Q = 7 for larger regions. Figure 3.16 shows multiple
m
segmentations for each salient region of the input image shown in Figure 2.1. Let S(i,j)

denote the segment corresponding to the pixel I(i, j), for the mth iteration of segmenm
tation and classification steps. CK (S(i,j)
) denotes the set of K candidate class labels
m
for segment S(i,j)
. The set of K candidate class labels for pixel I(i, j), after M iteraM
tions is denoted by CK
(I(i, j)). Each of the candidate classes cM
k (I(i, j)) is estimated

based on the cumulative confidence scores ΨM (I(i, j), c) defined in Equation 3.51.

ΨM (I(i, j), c), where,
cM
k (I(i, j)) = argmax
| {z }
M
c∈C
/ (k−1)

M

Ψ (I(i, j), c) =

PM

m=1

P

m )
ci ∈CK (S(i,j)

P

m
1(ci =c) Ψ(S(i,j)
, c)

m )
ci ∈CK (S(i,j)

1(ci =c)

(3.51)
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In our experiments, we accumulate confidence scores for the top four candidate
class labels. In each iteration, every pixel is assigned with the class label that has
the highest cumulative confidence scores up till the current iteration. The pixel
label becomes stable when the cumulative confidence scores does not show more
improvement. The iteration process stops when the percentage of pixels labels being
updated is less than 5% for each segment. In general, we achieve the “optimal” results
after four iterations. The output is a labeled map with each pixel assigned to the best
class label. The iterative stability measure depends on the classifier’s confidence of the
assigned label for each segment being correct, thus the performance of classification
plays an important role. The correct class label of the segment requires accurate
detection of the object boundary so that features extracted from the segment can
be closely matched to features of objects in the training images. Therefore, a high
confidence score of the classifier not only implies strong visual similarity between the
identified object and its training data, but also accurate boundary detection from
the segmentation. It is unlikely that the classifier will have 100% accuracy even with
perfect segmentation because some foods are inherently difficult to classify due to
their similarity in the feature space. Examples of these are illustrated in Section
4.2.6.

3.6

Evaluation Methods
In previous sections, we have examined various bottom-up image segmentation

methods. Researchers in this field have frequently point out the need for standard
quality measures that would allow both evaluation and comparison of available segmentation procedures. According to [120], evaluation methods can be broadly divided
into two categories: analytical methods and empirical methods. “The analytical methods directly examine and assess the segmentation methods themselves by
analyzing their principles and properties. The empirical methods indirectly judge the

Increasing Number of Segments
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Fig. 3.16. Multiple Segmentation Results of Salient Regions.

segmentation method by applying them to test images and measuring the quality of
segmentation results.”
Although using analytical techniques for the evaluation of segmentation methods
avoids implementation of these methods, they have not received much attention due
to the difficulty to compare methods based solely on analytical studies. Empirical
methods can be further classified into goodness methods and discrepancy methods. In the empirical goodness methods, some desirable properties of segmented
images, often based on human intuition about what conditions should be satisfied
by an “ideal segmentation,” are measured by goodness parameters. There methods
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rate different segmentation techniques by computing some chosen goodness measure
without requiring a priori knowledge of the reference segmentation. Different types of
goodness measures have been proposed such as color uniformity, entropy, intraregion
uniformity, inter-region contract, and region shape.
Empirical discrepancy methods are based on the availability of a reference segmentation, also known as ground-truth. The disparity between an actually segmented image and the ideal segmented image (ground-truth) can be used to assess the
method performance. Both images are obtained from the same input image. Methods in this group take the difference, measured by various discrepancy parameters,
between the actually segmented image and the reference image into account. Our evaluation methods fall into this category. In particular, we are interested in evaluating
our proposed segmentation methods based on quantitative measures of segmentation
quality as well as their performance in the context of object classification task.

3.6.1

Quantitative Evaluation

Martin et al. [121] proposed a set of measures - GCE, LCE, and BCE - to compute
the overall distance between two segmentations as the sum of the local inconsistency
at each pixel. The measures were designed to be tolerant to refinement. In another
word, the consistency error should be low if subsets of regions in one segmentation
consistently merge into some region in the other segmentation. To compute the
consistency error for a pair of images, they first defined a measure of the error at each
pixel pi
E (S1 , S2 , pi ) =

|R (S1 , pi ) \R (S2 , pi )|
|R (S1 , pi )|

(3.52)

where R(Sj , pi ) was the region in segmentation j that contained pixel Pi , \ denoted
set difference, and | · | denoted set cardinality. This measure is equal to 0 if all the
pixels in S1 were contained in S2 , therefore achieving the tolerance to refinement.
Because this measure was non-symmetric, every pixel must be accounted for in each
direction, resulting twice computation.
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Given the error measures at each pixel, two segmentation error measures were
defined

and

Ã
!
X
X
1
E (S1 , S2 , pi ) ,
E (S2 , S1 , pi )
GCE (S1 , S2 ) = min
n
i
i
LCE (S1 , S2 ) =

1X
min (E (S1 , S2 , pi ) , E (S2 , S1 , pi ))
n i

(3.53)

(3.54)

The Global Consistency Error (GCE) assumed that one of the segmentations must
be a refinement of the other, and forces all local refinements to be in the same direction. The Local Consistency Error (LCE) allowed for refinements to occur in either
direction at different locations in the segmentation.
Martin et al. showed that when paris of human segmentations of the same images were compared, both the GCE and LCE were low; conversely, when random
pairs of human segmentations were compared, the resulting GCE and LCE are high.
Histograms of GCE and LCE were computed over the complete test image set from
the Berkeley Segmentation Database [122], both for pairs of human segmentation of
the same image, and for random pairs of human segmentations, as the baseline to
evaluate the quality of the segmentation produced by Normalized Cuts.
It is interesting to examine the two metrics reported on two extreme cases: a
completely under-segmented image where the segmentation contains only one region
containing the entire image, and a completely over-segmented image in which every
pixel was assigned a different label. From the definition of GCE and LCE, it can
be seen that both measures result as 0 on both of these extreme cases regardless
of the types of segmentation they are compared to. This is due to the tolerance
of these measures of refinement. Any segmentation is a refinement of a completely
under-segmented image, and a completely over-segmented image is a refinement of
any other segmentations.
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The authors noted these problems and proposed alternative ways to evaluate paris
of segmentations. Three of the proposed metrics were region based and one was a
variation of the LCE metric, namely Bidirectional Consistency Error
BCE (S1 , S2 ) =

1X
max (E (S1 , S2 , pi ) , E (S2 , S1 , pi ))
n i

(3.55)

which no longer tolerated to refinement. The other two metrics were based on mutual
information, one used the affinity matrix itself, and the other compared the pairwise
assignment of pixels to regions in the two segmentations.
Martin also proposed the use of precision/recall curves based on the region boundaries to evaluate segmentation consistency. Recall is defined as the proportion of
boundary pixels in the ground-truth that were successfully detected by the automatic
segmentation; while precision is defined as the proportion of boundary pixels in the
automatic segmentation that correspond to boundary pixels in the ground-truth. Precision and recall are sensitive to over and under-segmentation, therefore are proper
measures of segmentation quality. Low precision scores means over-segmentation, and
low recall scores are lead by under-segmentation. High values in both precision and
recall scores can only be achieved when the boundaries in both segmentations agree
in spatial locations and level of details.
Precision and recall were estimated in [123] by computing a minimum cost matching between boundary pixels located in two segmentations. The cost of matching two
pixels bi and bx was proportional to their similarity in spatial location and orientation:
q
|∆θ|
(3.56)
wbi →bx = (∆x)2 + (∆y)2 + α
π/2
q
where (∆x)2 + (∆y)2 specifies the Euclidean distance between two pixels, α is
the scaling parameter for the orientation term, and the orientation difference |∆θ| is

limited to the range [0, π/2]. The matching cost for each pixel was computed using bipartite matching method, implemented using Andrew Goldberg’s CSA package [124].
Due to different number of boundary pixels in the two segmentations, the number of
outlier nodes is considered such that the total number of nodes is the same for both

79
segmentations. The cost of matching was set to be high for a boundary pixel in either
segmentation to an outlier node. Therefore, a boundary pixel would only match to an
outlier node if no suitable match was found within the boundary pixels in the other
segmentation.
Estrada et al. [125] proposed a different matching strategy. Given two segmentations S1 and S2 , a suitable match for each boundary pixel in S1 was found by
examining its neighborhood within a radius of d for boundary pixels in S2 . A pixel
bi in S1 was matched to a pixel bx in S2 when the following conditions were satisfied,
• No other boundary pixel bj in S1 exists between bi and bx (no intervening contours constraints).
• The closest boundary pixel in S1 for pixel bx is in the specified direction of
bi . If bx has several closest neighbors, at least one must point in the specified
direction of bi . In practical implementation, this means the directions from bx
to bi , and from bx to one of its closest neighbors must be within 25 degrees of
each other (same side constraint).
In the case where more than one pixel in S2 satisfies the listed conditions for pixel
bi , we select the nearest one. These two conditions imply that unless bi is part of
the closest boundary in S1 to bx ’s boundary in S2 , bi should not be matched to a
boundary pixel bx . It is necessary to enforce the direction condition because double
matches are possible when a boundary in S2 is next to both sides by boundaries in
S1 .
Figure 3.17 illustrates the two matching conditions. Blue pixels indicate boundary
from human segmentation, red pixels show boundary from automatic segmentation,
and purple pixels indicate overlap (exact match). Example 1 shows an instance
of the first matching condition. Pixel A in S1 cannot be matched to pixel B in S2
because there are other boundary pixels (red ) between them. This condition prevents
any other boundary pixels in S1 from matching to the same boundary pixels in S2
when overlap pixels such C exist. Example 2 shows an application of the second
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matching condition. In this case, pixel A cannot be matched to boundary pixel B
because A is not on the same side as boundary pixel C, which is the pixel closest to
the boundary pixel B in S2 .

Fig. 3.17. An Illustration of the Matching Conditions. The top row
shows an image from our food image database, and the overlay of the
ground-truth segmentation (blue) and automatic segmentation (red )
(purple indicates overlap pixels). Example 1 illustrates the first
matching condition, which avoids matching across multiple boundaries. Example 2 illustrates the second matching condition, which
ensures a band of matches pixels in S1 all of which are within distance
d of a single boundary in S2 .
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Precision can be defined as
Precision (S1 , S2 ) =

|matched (S1 )|
|S1 |

(3.57)

where matched (S1 ) is the set of boundary pixels in S1 that have a suitable match in
S2 within a distance d, and | · | represents set cardinality. Similarly, recall can be
defined as
Recall (S2 , S1 ) =

|matched (S2 )|
|S2 |

(3.58)

Given the matching method described above, precision and recall can be estimated for
any pair of segmentations. In particular, performance of any segmentation method
can be evaluated by comparing its output segmentations against the human segmentations (ground-truth), and compute precision/recall statistics over a set of test images.
If multiple human segmentations of the same image is available, automatic segmentation can compare against the union of the boundaries from all human segmentations
of the same image. This was suggested in [123] to compare the level of detail between
different human segmentations.
Another advantage of using precision/recall curves its ability to characterize the
performance of a segmentation method over a range of input parameters. This allows
selection of the optimal parameters for any desired recall/precision value, as well as
compare different methods equally. We use the precision/recall curves to evaluate the
performance of our proposed segmentation methods on the food image database collected from nutritional studies conducted by the Department of Foods and Nutrition
at Purdue University.

3.6.2

Classification Based Evaluation

Researchers such as Borra and Sarkar [126] argued the importance of evaluating segmentation or grouping performance in the context of a particular task. This
translated to measuring how much a particular method contributes to the success of
higher-level procedure such as object recognition.
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Our proposed multilevel segmentation method described in Section 3.5 provides
the benchmark for classification based segmentation evaluation. In particular, the
performance of the proposed segmentation and classification method is evaluated by
the confusion matrix for a set of food classes, averaged over multiple instances of
training and testing datasets. This is equivalent to the use of an intersection/union
metric, defined as the number of correctly labeled pixels of that class, divided by the
number of pixels labeled with that class in either the ground truth labeling or the
inferred labeling. Equivalently, the accuracy is given by
seg. accuracy =

true pos.
true pos. + false pos. + false neg.

(3.59)
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4. EXPERIMENTAL RESULTS
In this chapter, we present results of testing our proposed methods for different cases
and datasets. The evaluation of these methods are different for color correction,
food classification and image segmentation. The results of the proposed methods
are evaluated by human observers where ground-truth data is available such as food
classification and image segmentation. For color correction, perceptual quality is
highly subjective and can vary across observers. Therefore, we adopt quantitative
approach to evaluate color correction accuracy by estimating statistic errors. We also
use quantitative evaluation for image segmentation using precision/recall scores.

4.1

Image Analysis Results

4.1.1

Color Correction

To test our proposed color correction methods described in Section 2.1, images
containing the color fiducial marker and sample food items were taken under various
illumination conditions generated by the Macbeth SpetraLight II. Two different sizes
of color fiducial markers were tested. The 4 × 5 marker was used in our nutritional
studies due to its smaller size for convenient carrying. The other marker of size 7 × 8
is larger in size and incorporates more colors. We show both visual quality and pixel
value differences between reference images and corrected images. Two methods were
considered, namely our 3D LUT describe previously method and Choi’s method [49].
Our proposed color correction method uses an image of the color fiducial marker
captured under a known illumination as the reference colors. We then construct
a transformation based on the reference illumination to correct colors of an image
taken under unknown illumination. This method is realized use a 3D LUT. The
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Choi’s method defines a conversion vector base on the Macbeth color board, that can
be applied to map colors from a source illumination to a target illumination.
Figure 4.1 shows examples of using the color fiducial marker to correct colors in
sample images taken under unknown illumination to match colors in the reference
image using the 3D look-up table (LUT). Visual comparison shows strong similarity
between the reference image and color corrected images. Figure 4.2 shows comparison of using a 4 × 5 color fiducial marker to correct colors in sample images taken
under unknown illumination to match colors in the reference image using 3D LUT
interpolation and Choi’s method [49]. Figure 4.3 shows comparison of using a 7 × 8
color fiducial marker to correct colors in sample images taken under unknown illumination to match colors in the reference image using 3D LUT interpolation and Choi’s
method [49]. A visual comparison between the color corrected images using the 3D
LUT interpolation and Choi’s method for both sizes of the fiducial marker indicates
closer match to the reference image using the 3D LUT interpolation.
We also calculate the statistics of pixel value differences between the reference
images and corrected images for both methods to verify our visual comparison. We
observe from Table 4.1 that the 3D LUT performed favorably over Choi’s method
due to smaller error when compared to reference images. By incorporating more
color patches on the fiducial marker, the error in pixel value differences was also
reduced. Since Choi’s method uses a global shift to pixel values in the target image,
pixel value difference between spatial neighbors were preserved. Therefore, the color
corrected images seem more nature. However, illumination change from the reference
image to the target image is often not uniform, a single conversion vector may not be
sufficient to accurately correct colors of different regions in the image. The 3D LUT
interpolation method operates on each pixel in the target image to create the closest
match to the pixel colors in the reference image. As a result, this method produced
more accurate color correction in the target image.
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Table 4.1
Testing error statistics of LUT and Choi’s methods.
Type\Statistic

Mean

4 × 5 color checkerboard 18.2 (31.1%)

Median

1-Std. Dev.

19.3

16.5

22.5

18.8

10.1

12.4

17.3

13.9

(LUT)
4 × 5 color checkerboard 26.4
(Choi)
7 × 8 color checkerboard 13.3 (43.16%)
(LUT)
7 × 8 color checkerboard 23.4
(Choi)

4.1.2

Feature Extraction and Classification

Given a segmented image, each segment needs to be classified into candidate food
object. As we discussed in Section 2.3, we extract color and texture features and
use SVM for classification. These features include 1st and 2nd moment statistics of
several color components R, G, B, Cb, Cr, a, b, H, S, V, and Gabor filters to measure
local texture properties. We considered 19 food items from 3 different meal events (a
total of 63 images) from one diet studies conducted at Purdue University. All images
were acquired in the same room with the same lighting conditions. For each of the
19 categories we considered 50% of available images for training and 50% for testing.
For the training set, we extracted features from the ground-truth segmentation. For
the testing, we extracted features from automatic segmented images. There were a
total of approximately 500 food segments that needed to be categorized.
We repeated the experiments ten times randomizing the training and testing sets
for each experiment. In Table 4.2 we show the average correct classification for each
food category and its corresponding top two misclassified categories. On average the
correct classification achieved for all the categories is 56.2%. The non-food segments
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had a strong influence on the misclassification accuracy since we did not train the
classifier with any specific non-food object due to the large variation within this class.
Figure 4.4 shows examples of non-food items. We have addressed this issue in recent
work done by Marc Bosch [40–42] as well as incorporating more robust features into
our classifier. A model of semantic context is also incorporated into the classifier to
correct misidentified food items based on likelihood of food combinations.
Some foods are inherently difficult to classify due to their similarity in the feature
space we use. For the set of features used here, color is the dominant discriminate
feature for many food objects due to their lack of texture or similarity in extracted
texture feature. Examples of such errors are shown in the top misclassified categories
in Table 4.2. We have also observed from our experiments that the performance
of image segmentation plays a crucial role in achieving correct classification results.
High classification rate can be achieved when using the ground-truth segmentation.
We can achieve up to 95.5% [1] when using ground-truth segmentation. Since color
is the dominant feature here, the average value of pixel intensity in the selected color
components may be very different than the training data when the segment to be
classified contain parts of other objects. To address this problem, we need to improve
segmentation accuracy as well as to examine more robust features.

4.2

Image Segmentation Results
Several controlled diet studies were conducted by the Department of Foods and

Nutrition at Purdue University whereby participants were asked to take pictures
of their food before and after meals [23]. These meal images were used for our
experiments. Currently, we have collected more than 8000 food images. To assess
the accuracy of our various methods, it is important to develop ground-truth data
for the images. For each image, we manually extracted each food item in the scene
using a Cintiq Interactive Pen LCD Display and Adobe Photoshop. Given a meal
image, we traced the contour of each food item and generated corresponding mask
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Table 4.2
Classification Accuracy for Each Food Category and the Top 3 Misclassified Categories.
Food Category

Correct Rates

Top 1 Errors

Top 2 Errors

Catalina Dressing

45%

33% (Ketchup)

14% (Strawberry Jam)

Chocolate Cake

55%

40% (Coke)

5% (Fries)

Coke

59%

37% (Chocolate Cake)

4% (Hamburger)

Eggs (Scrambled)

59%

22% (Fries)

11% (Sugar Cookie)

Fries

58%

35% (Eggs)

7% (Sugar Cookie)

Garlic Bread

51%

36% (Toast)

7% (Sugar Cookie)

Hamburger

71%

21% (Garlic Bread)

8% (Fries)

Ketchup

67%

33% (Catalina)

-

Lettuce

71%

17% (Margarine)

12% (Pear)

Margarine

44%

34% (Milk)

13% (Sugar Cookie)

Milk

47%

25% (Margarine)

15% (Pear)

Orange Juice

61%

39% (Peach)

-

Peach (Canned)

68%

32% (Orange Juice)

-

Pear (Canned)

53%

24% (Margarine)

16% (Milk)

Sausage

67%

23% (Eggs)

10% (Ketchup)

Spaghetti

41%

23% (Fries)

10% (Garlic Bread)

Strawberry Jam

53%

29% (Ketchup)

12% (Catalina)

Sugar Cookie

62%

31% (Eggs)

7% (Margarine)

Toast

42%

37% (Garlic Bread)

13% (Fries)

Average

56.2%

-

-

images along with the correct food labels. As a control, different individuals were
asked to ground-truth the images and the results were shown to graduate students in
the Department of Foods and Nutrition at Purdue University for evaluation.
For visual comparison of outputs from different segmentation methods discussed
in Chapter 3, we choose images collected from nutrient studies consisting of various
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meal occasions such as breakfast, lunch, dinner and snacks. We show results from
several segmentation methods we examined earlier in our research including connected
component labeling, normalized cuts and semi-automatic methods, as well as methods
used in the our current segmentation approach shown in Figure 3.15 which includes
salient region detection, multilevel segmentation and active contours for segmentation
refinement.

4.2.1

Connected Component Labeling

Figure 4.5 show sample segmentation results from connected component labeling.
The result is shown for images of food replicas (plastic food). We also used this
method for some simple food images taken during the nutrient study, these results
are shown in Figure 4.6. These images were taken under specific conditions including
the use of a white plate and a check-board patterned tablecloth. The tablecloth was
used as the fiducial marker for estimating the dimension and area of the food items.
The white plate was used to assist the segmentation of the food items. This method
works well for images taken under this specific condition, where assumption of the
plate and tablecloth can be made based prior knowledge. In addition, food item
must be homogeneous in color for this method to successfully capture the entire food
object. These constraints places limitation of the performance of this method for use
on a wide range of images.
We do not deploy connected component labeling in our current segmentation
approach shown in Figure 3.15.

4.2.2

Active Contours

Figure 4.7 illustrates segmentation results generated by our region-based active
contours method. The method uses the Chan-Vese [86] model to solve the level set
evolution equation for color images using the RGB color components as discussed in
Section 3.2. We use a simple rectangle as the initial contour, other geometric shape
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used as the initial contour also show similar results. Constrained by the need for an
initial contour, this model works best for semi-automatic segmentation. One useful
scenario in the dietary assessment application is when a user provides feedback on
the automatic image analysis results. The user feedback refinement block in Figure
3.1 is such a scenario. In particular, when the image analysis fails to locate certain
food items, the user can use a pen tool on mpFR to provide a rough contour of the
food item. Given such initialization, the active contour model can then be used on
the image to locate additional food items. Figure 4.8 shows two examples where one
or more food items did not produce correct segmentation from the automatic image
analysis. Using the pen tool on the mpFR, the user provided some initial points
where these items were located. Initial contours were generated based on these user
supplied points for curve evolution using our active contour model. Curves were
successfully attached to the object boundaries through evolution to generate the final
segmentations.

4.2.3

Normalized Cuts

We tested the performance of Normalized Cuts over a range of input parameters
for a set of images collected from the 24-hr nutrient study including breakfast, lunch
and dinner meals (see Section 3.3). For these images, we manually cropped the image
to select regions of an image containing food items. We then used the Normalized
Cuts method on grayscale versions of each cropped image. Figure 4.9, 4.10, 4.11
show sample results from this set of images. For these results, the optimal input
parameters were selected from experiments based on perceptual quality comparison.
Since Normalized Cuts takes only one input parameter which is the number of desired
segment in an image, typical value range from 3 to 15 depending on the complexity
of the image to be segmented.
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4.2.4

SIOX

The Simple Interactive Object Extraction (SIOX) (see Section 3.4) is a semiautomatic method we examined when the user provides some initial information.
In particular, we did our experiments using the SIOX tool contained in the opensource program GIMP [102]. Figure 4.12, 4.13 and 4.14 show sample results tested
on food images. This underlying processing depends on user initialized foreground
and background regions, therefore the performance of this method can be affected
the initialization. In particular, when neighboring objects have similar color, the
boundary of one object may contain part of the neighboring object. An example of
this is shown in Figure 4.13 where part of the hamburger bun is labeled as regions
for the fries. Due to the sensitivity to user initialization, we did not deploy the SIOX
tool in the mpFR. Instead, we chose to use a simple pen tool for the user to provide
a rough contour of the food item to be segmented and the use region-based active
contours to refine the segmentation as illustrated in the user feedback refinement
block in Figure 3.1.

4.2.5

Multilevel Segmentation

The goal of the multilevel segmentation method is to generate a pool of segments
for each image to achieve high probability of obtaining “good” segments that may
contain potential objects. Figure 3.15 describes an overview of our approach (also see
Section 3.5). Given an input image, we first use salient region detection to identify
potential regions in the image containing objects of interest. Our multilevel segmentation approach is then used on each salient region SR1, SR2, SR3 . . . , this step
results in a number of segmentations to be classified based on the selected features.
Normalized Cuts is used to generate segments in each of the salient regions as indicated in Figure 3.15. The results from the classifier are then used as feedback to the
select the “optimal” parameters for the Normalized Cuts (see Section 3.5). Figure
4.15 shows an example of salient regions detected from a meal image.
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Figure 4.16 shows the segmentations produced by different methods including human segmentation (ground-truth), our multilevel segmentation (classifier feedback
included), and Normalized Cuts with a range of input parameters (number of segments between 3 and 13 and no classifier feedback). The range of input parameters
were chosen based on experiments for this set of images. Input parameters that were
much lower or higher than this range produced extreme under- or over-segmentations,
that were not fair comparison to the proposed multilevel segmentation. Note for the
multilevel segmentation approach the input parameters for the Normalized Cuts are
selected based the classifier feedback. These segmentations provide a visual comparison of the segmentations generated by each method, and complement the results
from segmentation evaluation in Figure 4.17 discussed later. It is encouraging that
the precision/recall results for each method agree well with the visually perceived
quality of the corresponding segmentations.

4.2.6

Quantitative Segmentation Evaluation

In additional to visual comparison of the proposed multilevel segmentation method
to both human segmentations and segmentations produced by the Normalized Cuts
method, we also examined quantitative evaluation by generating precision/recall
scores for a range of input parameters (number of segments between 3 and 13) of
the Normalized Cuts method, the optimal parameter, as well as human segmentation
(see Section 3.6). The segmentation output of our proposed method is a labeled image where pixels within the same region have identical labels. To extract the region
boundaries from the label images, we could simply mark as a boundary any pixels that
have a neighbor with a different label. This would result in boundaries that are two
pixels thick. This is not ideal because very small regions will disappear and replaced
by clusters of boundary pixels, i.e. the region-structure within is lost. Also, thick
boundaries are likely to introduce unwanted artifacts in the resulting precision/recall
scores.
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To eliminate these problems, we generate boundary images that are twice the
resolution of the original segmentations. Boundaries in the higher-resolution images
can lie between the pixels corresponding to the original regions in the low resolution
segmentation. The procedure for generating the up-sampled boundaries includes upsampling of each region in the original segmentation in the higher-resolution image.
A final boundary map is formed by the union of the up-sampled boundaries of each
regions.
Due to the computationally intensive nature of our multilevel segmentation approach, we did the evaluation on images that have been down-sampled by a factor of 4
from their original size in our image database. Since the ground-truth segmentations
have the same size as the original images, we can either up-sample the automatic
segmentation to the appropriate size, or down-sample the human segmentation. To
reduce the computational cost of evaluating the error measures, we chose the latter
option.
To obtain a meaningful benchmark, for each combination of parameters, we tested
the methods on a set of 130 food images. The scores for the method for a particular
combination of input parameters is the median of the precision and recall scores
obtained for the individual image. The median precision and recall scores computed
for different combinations of input parameters yield tuning curves characterizing the
performance of the proposed methods.
Since the Normalized Cuts and multilevel segmentation methods take only one
input parameter, which is the desired number of segments, we tested these methods
for a number of output segments within a chosen range of input parameter that
yield reasonable segmentations appropriate for our dataset. For the Normalized Cuts
method (no classifier feedback), the range of input parameter is [3,13]. The multilevel
segmentation method automatically selects the optimal input parameter from the
classifier feedback.
We choose for comparison the turing curves resulting from various precision and
recall scores. From these curves, the appropriate parameters can be selected that will
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yield a target value of either precision or recall for a given method. More importantly,
they provide a direct way of comparing the quality of the segmentation produced by
different methods across a wide range of input parameters. We can tell from these
tuning curves if a method performs consistently better than others across its particular
range of parameters, and then rank methods by performance for particular values of
precision or recall.
Figure 4.17 offers quantitate evidence that our proposed multilevel segmentation
method outperforms the Normalized Cuts (no classifier feedback) across the range
of tested input parameters. Comparing the four sets of curves, the scores for all
tuning curves fall sharply as d decreases. This is consistent with observation made
by Martin et al. [122] and supports the use of a smaller matching radius during
evaluation. Furthermore, such observation indicates that the matching distance d
should be at least two pixels apart to obtain meaningful precision/recall scores.

4.2.7

Classification Based Segmentation Evaluation

Since performance of the multilevel segmentation depends on both segmentation
and classification, we evaluated the segmentation performance in the context of object classification. For these experiments we considered images from two nutritional
studies. This set of images have a total of 32 food classes from 200 images, each image
consists of 6-7 food classes. We divided the dataset into training and testing, for each
category approximately half of the images are training data and the other half are
testing data. We use a minimum of 15 training samples per category. Examples of
food objects used in our experiments are shown in Figure 4.18.
Let ∆ denote the Nf × Nf confusion matrix (for these experiment, the number
of classes Nf = 33, 32 food classes plus background). Then, ∆(i, j) is the number
of pixels predicted as class j when they actually belonged to class i, divided by
the total number of pixels actually belonging to class i. Thus, higher values on
the main diagonal of the confusion matrix indicate good performance. Note this
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is a stricter measure of classification compare to conventional object classification.
In conventional object classification, only the class labels identified in an image are
used as accuracy measure compared to the ground-truth data, pixel locations of the
identified classes are not taken into consideration. In this evaluation, the label for
every pixel in an image is counted for accuracy. Therefore, identified objects as
well as their locations are evaluated against ground-truth labels. Table 4.3 shows
the diagonal entries of the confusion matrix, that is the average accuracy for all the
classes. Final average classification accuracy for 32 food classes is 44%.
The above evaluation combines errors from both segmentation and classification.
If an image is perfectly segmented, i.e. it completely agrees with the ground-truth,
error in classification contributes to pixels being incorrectly labeled. If a region of
the image is poorly segmented, it may not represent the visual characteristics of
associated food class, therefore resulting in wrong class labels for pixels belong to
that region. Some foods are inherently difficult to classify due their similarity in
the feature space; others are difficult to segment due to faint boundary edges that
camouflage the food item; as well as the non-homogeneous nature of certain foods.
For example, yellow cake has an average classification accuracy of 11% because its
appearance is very similar to that of cream cheese (Figure 4.18). Coke has an average
classification accuracy of 16% due to its visual similarity to coffee and difficulty in
segmenting it with the black background. BBQ chicken also has a low accuracy of
28% due to its non-homogeneous property and visual variation depending on the
placement of the BBQ sauce on top of the chicken. (Figure 4.18). Since foods are
generally served in certain combinations, we can explore contextual information in
addition to visual characteristics to increase accuracy of classification [41].
Based on our evaluation, we have shown improved accuracy of segmenting food
images using proposed multilevel segmentation approach compared to the Normalized
Cuts method without classifier’s feedback. Future development in both segmentation
and classification will likely to further improve the performance of overall image analysis task.
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Table 4.3
Segmentation Accuracy for Each Class and Average Performance.
Background

Apple Juice

Bagel

Barbecue Chicken

Broccoli

97%

29%

98%

28%

66%

Brownie

Cheeseburger

Chocolate cake

Coffee

Coke

13%

17%

14%

93%

16%

Cream Cheese

Scrambled Egg

French Dressing

French Fries

Fruit Cocktail

95%

35%

35%

73%

78%

Garlic Bread

Green Beans

Lettuce

Mac&Cheese

Margarine

29%

17%

34%

57%

31%

Mashed Potato

Milk

Orange Juice

Peach

Pear

49%

11%

48%

24%

24%

Pineapple

Pork Chop

Sausage Links

Spaghetti

Sugar Cookie

38%

11%

30%

43%

69%

Vegetable Beef Soup

White Toast

Yellow Cake

Average

63%

64%

13%

44%
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(a)

(b)

(c)

(d)

(e)

Fig. 4.1. Examples of using color fiducial marker to correct colors in
images with unknown illuminations. (a) is the reference image containing the color fiducial marker, (b) is the same image taken under
different illumination, (c) shows the color correct version of the test
image, (d) is the same image taken under a second different illumination, (e) shows the color correct version of the test image.
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(a)

(b)

(c)

(d)

Fig. 4.2. Examples of using color fiducial marker to correct colors
in images with unknown illuminations. (a) is the reference image
containing the color fiducial marker, (b) is the same image taken under
different illumination, (c) shows the color correct version of the test
image using 3D LUT interpolation, (d) shows the color correct version
of the test image using Choi’s method.
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(a)

(b)

(c)

(d)

Fig. 4.3. Examples of using a 7 × 8 color fiducial marker to correct
colors in images with unknown illuminations. (a) is the reference
image containing the color fiducial marker, (b) is the same image
taken under different illumination, (c) shows the color correct version
of the test image using 3D LUT interpolation, (d) shows the color
correct version of the test image using Choi’s method.
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Fig. 4.4. Examples of non-food segments from our image analysis.
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(a)

(b)

(c)

Fig. 4.5. Sample Results of Connect Component Labeling. (a) A Typical Image of a Meal, (b) Food Item Segmented Using a Fix Threshold
(T = 127), (c) Additional Food Item Segmented Using Color Information.
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(a)

(b)

(c)

(d)

Fig. 4.6. Sample Segmentation of Real Food Image Using Connect
Component Labeling. (a) BBQ Chicken, (b) Binary Image with White
Region Showing the Segmented Item and Black the Background, (c)
Vegetable Soup, (b) Binary Image with White Region Showing the
Segmented Item and Black the Background,
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(a)

(b)

Fig. 4.7. Sample Results of Active Contour Segmentation.(a) and
(b) each contains the original image (upper left), initial contour (upper right), segmented object boundary (lower left), and binary mask
(lower right).
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Fig. 4.8. Segmentation Results Using Active Contours Based on User
Feedback. From Left to Right: Original Image, User Supplied Initialization Points, Final Segmentation Contours.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(o)

(p)

(q)

(r)

(s)

(t)

(u)

(v)

(w)

(x)

Fig. 4.9. Sample Results of Normalized Cut for Breakfast Menu. First
column contains original images, second column show the groundtruth segmentation, third column show the segmented object boundary using Normalized Cut method, fourth column show the extract
object from segmentation.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(o)

(p)

(q)

(r)

(s)

(t)

(u)

(v)

(w)

(x)

Fig. 4.10. Sample Results of Normalized Cut for Lunch Menu. First
column contains original images, second column show the groundtruth
segmentation, third column show the segmented object boundary using Normalized Cut method, fourth column show the extract object
from segmentation.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(o)

(p)

(q)

(r)

(s)

(t)

(u)

(v)

(w)

(x)

Fig. 4.11. Sample Results of Normalized Cut for Dinner Menu. First
column contains original images, second column show the groundtruth segmentation, third column show the segmented object boundary using Normalized Cut method, fourth column show the extract
object from segmentation.
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(a)

(b)

Fig. 4.12. Sample Result Using The SIOX Tool. (a) original image,
(b) overlay image.

(a)

(b)

Fig. 4.13. Sample Result Using The SIOX Tool. (a) original image,
(b) overlay image.
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(a)

(b)

Fig. 4.14. Sample Result Using The SIOX Tool, (a) original image,
(b) overlay image.

Fig. 4.15. An Example of Salient Regions Detected From a Meal Image.
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Fig. 4.16. Visual Comparison of the Multilevel Segmentation and
Other Methods. From left to right: Original image, Ground-truth
segmentation, Multilevel segmentation, Normalized Cuts with small
input parameter (N = 3), Normalized Cuts with larger input parameter (N = 13).
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(a)

(b)

(c)

(d)

Fig. 4.17. Tuning Curves for Normalized Cuts (no classifier feedback)
and multilevel segmentation (with classifier feedback) methods for (a)
d = 7, (b) d = 5, (c) d = 3, and (d) d = 1. For curves generated
by Normalized Cuts, we choose input parameters most favorable for
this method given the test images. The optimal input parameter is
automatically chosen based on the proposed multilevel segmentation
method.
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Fig. 4.18. Sample Images of Food Objects Used in Our Experiments.
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5. CONCLUSION AND FUTURE WORK
We have developed a dietary assessment system using mobile devices. This system
has been deployed on an iPhone and it is currently being used by dietitians and
nutritionists in the Department of Foods and Nutrition at Purdue University for
various nutrition studies.

5.1

Conclusions
The research in this thesis focuses on developing methods for image segmentation

and particularly for the segmentation of food images. My main contributions are as
follows:
• Developed a multiple hypothesis segmentation system to select optimal segmentations based on confidence scores assigned to each segment. This approach combined two ideas: a set of segmented objects could be partitioned
into perceptually similar object classes based on global and local features; and
perceptually similar object classes could be used to assess the accuracy of image
segmentation. Both segmentation and classification accuracy were improved by
generating multiple segmentations of each image using multiscale graph decomposition.
• Evaluated the quantitative performance of our multilevel segmentation approach based on comparing region boundaries with ground-truth data for consistency. A separate evaluation was performed in the context of object classification to assess pixel level accuracy for identifying each food class.
• Demonstrated the use of region-based active contour models to refine the image segmentation based on user feedback from the TADA mpFR. With such
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feedback, an initial curve, was deformed to the boundary of the object under
constraints from the image.
• Developed a color fiducial marker used as the reference object in images captured under various illumination conditions. Constructed a transformation
based on the reference illumination to correct the colors of the unknown image. The realization of the method was achieved through the use of a 3D LUT.
• Examined color and texture features for each segmented food region. The was
part of the initial classification methods used in the TADA system.These features were classified using SVM.

5.2

Future Work
In our image analysis system, performance of the image segmentation directly af-

fects the accuracy of food identification and automatic portion estimation. A recent
study [127] has shown the use of image segmentation can improve object categorization accuracy due to the fact that by segmenting the object of interest, the noise
introduced by the background around the object is minimized. An example is shown
in [128] where flowers are segmented from the background to increase recognition accuracy. However, methods of unsupervised image segmentation have not been popular
as preprocessing for recognition and categorization mainly because of the unsatisfactory quality of image segmentation methods. Here we discuss potential solutions to
the problem.
• The goal of an unsupervised clustering method is to partition the data based
on some criterion that does not use labeled examples. As a result, there are
many open problems in this area that include choosing the appropriate grouping
criterion and the number of clusters. In our proposed multilevel segmentation
approach, we use the confidence scores associated with class labels assigned to
each image partition as a measure for choosing segmentation parameters. This
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method relies on the performance of the object recognition task and its underly
feature representation of object categories. Other criteria for selecting stable
segmentation parameters should be explored to generate meaningful image partitions that will not be affected by performance of other image analysis tasks.
Rabinovich, et. al [93] suggest the use of stability as a predictor of “goodness”
for a specific set of segmentation parameters.
• One of the general assumption of image segmentation is that each sub-region
has a uniform property, such as homogeneous image intensity. However, this
assumption is not always true in real images. Another assumption of traditional
segmentation methods for multispectral images is that a scalar expression can
represent vector-valued data, such as the use of brightness or luminance to represent different colors. However, this is also not true in many cases. In [129],
the region-based active contour model is used to partition an image based on
the uniformity of statistical property of a subset, such as a multivariate Gaussian distribution. The authors [130] recognize the shortcoming of the method
when the statistical property of a subset is non-uniform. As a result, they proposed the use of mixture density model to represent the non-uniform statistical
property of a subset.
• Incorporating prior knowledge into the chosen segmentation method can drastically improve the accuracy of image segmentation. For our application, assumption is made to the location of food items as majority of the foods are placed in
tableware such as plates, bowls and cups. Currently we use shape information
of these “tablewares” to locate the proximity of possible foods. However, such
information becomes unpredictable in free-living situation when different users
have their own eating habits. Increased complexity of eating environment also
makes it difficult to detect potential food objects using current methods.
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