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Abstract—In this paper we describe an image segmentation
method for segmenting food items in images used for dietary
assessment. Dietary assessment methods used to determine the
foods and beverages consumed at a meal are essential for
understanding the link between diet and health. Snakes, or
active contours, are used extensively to locate object boundaries
and segment images. Experimental results using classical snakes
on food images show the problems associated with contour
initialization and poor detection performance for food images. In
this paper, we explore various methods of contour initialization
and integrate a background removal method to improve the
performance of food image segmentation. We describe the details
of the proposed food image segmentation method and also
evaluate our segmentation approach on food images.

I. I NTRODUCTION
Dietary assessment, the process of determining what someone eats during the course of a day, provides valuable insight
for mounting intervention programs for the prevention of
many chronic diseases including obesity and diabetes[1], [2].
Traditional dietary assessment, comprised of written and orally
reported methods, is time consuming and tedious [3]. An
online food-logging system is presented in [4], which can
distinguish food images from other images, analyze the food
balance, and visualize the log. Mobile telephones with buildin digital cameras and network connectivity have been shown
to provide unique mechanisms for improving the accuracy
and reliability of dietary assessment [5]. Our team at Purdue
University and the University of Hawaii is developing a mobile telephone based image analysis system to automatically
estimate the food consumed at an eating occasion from food
images acquired by mobile devices[6], [7]. An essential part of
this system is automatic food identiﬁcation and image-based
food volume estimation. The result of food volume estimation
is highly dependent on the segmentation accuracy for food
regions [8]. An example of ideal food image segmentation is
shown in Figure 1.
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Fig. 1.

Ideal Food Image Segmentation.

Snakes, or active contours, are used extensively in image
processing and analysis applications, particularly for locating
the object boundary [9]. A snake is an energy-minimizing
spline guided by external constraints and inﬂuenced by the
image structures that pull the spline toward features such
as lines and edges [10]. Given an initial contour, active
contour techniques guide the initial contour evolving toward
the contour of the object of interest through minimizing
a energy function. There are two general types of active
contour models: boundary-based active contours [10], [11]
and region-based active contours [12], [13]. For boundarybased active contours, the object is characterized by properties
of its contour only. For region-based active contours, both
internal and external regions of active contours are considered.
Region dependency is also taken into account [14]. To accurately segment food regions, we consider region-based active
contours in our implementation. In this paper, we show that the
segmentation results of food images are highly dependent on
the initial contours. One problem associated with using snakes
on food images is the contours near non-food items (e.g.
plates), which causes difﬁculties in food feature training and
reduces the accuracy of food identiﬁcation. Another problem is
that some food items, especially the food items inside plates
and other utensils, are often not detected. To address these
problems, we explore various methods of contour initialization
to reduce the correlation between initial contours and ﬁnal
segmentation results. We also integrate a background removal
method with snakes to segment food images. A collection of
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food images acquired by mobile telephone cameras are tested
in our experiments. We evaluated the segmentation results
of food images by estimating the precision and recall for
segmented regions.

and indicate low segmentation accuracy. Figure 2 shows the
original food images with the initial contours in red and the
ﬁnal segmentation results in blue.

II. S NAKES A SSISTED F OOD I MAGE S EGMENTATION
Snakes, or active contours, are used for image segmentation
by iteratively minimizing the segmentation energy. The basic
idea is, starting with an initial contour, to deform the contour
to the boundary of objects of interest, under some constrains
from the image. In our implementation of active contours, two
kinds of energies are considered: internal energy and external
energy. The segmentation energy function is designed to reach
a unique global minimum when the contours are the same as
the edges of the objects we want to segment. Thus, we deﬁne
the internal energy function and the external energy function
as Equation 1 and Equation 2, respectively.

φ(Γ, x) dx
Eint (Γ) =
Ω
(f (x) − μ(Γ))2 dx
(1)
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φc (Γ, x) dx
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where Γ is an oriented contour; Eint (Γ) and Eext (Γ) denote
the internal energy and the external energy, respectively. Ω
is the internal set of the corresponding contour; Ωc is the
complement of Ω in the image domain which corresponds to
the external set of the contour. φ(Γ, x) is sometimes referred
to as the descriptor of the object of interest [15]. Similarly,
φc (Γ, x) is the descriptor of the background. We deﬁne the
descriptors in Equation 1 and Equation 2 as the mean square
difference between the luminance of the current pixel and the
average luminance of the internal (or external) area of the
current contour Γ. f (x) is the luminance value of pixel x;
μ(Γ) and μc (Γ) are the average luminance value of pixels in
the internal area Ω and the external area Ωc , respectively. We
can see from Equation 1 that if the object of interest is an ideal
object with constant intensity, then φ(Γ, x) is equal to 0. The
minimal energy is achieved when the ﬁnal contour matches
the edge of the object of interest. In our implementation, we
design the ﬁnal energy function as the sum of the internal
energy and the external energy (Equation 3).
E(Γ) = Eint (Γ) + Eext (Γ);

(3)

After deﬁning the energy function, we still need to address
the problem of contour initialization. The relative location of
the initial contour and the objects of interest is essential to the
ﬁnal segmentation results. At ﬁrst, we initialize the contour
as a rectangular contour near the boundary of the image
or in the middle of the image. We tested this initialization
method on several food images with different food items.
Some of these experimental results are shown in Figure 2

Fig. 2. Segmentation results for a rectangular initial contour. The initial
contour is shown in red and the ﬁnal contours of segmentation are shown in
blue.

From the results in Figures 2, it is obvious that the single
contour initialization method for food image segmentation is
not robust since food images usually contain multiple food
items. The segmentation result is highly dependent on the
relative position of food items and the initial contours. Thus
we need to use multiple initial contours. In the following
experiments, we use multiple circles which are distributed
evenly on the food images as initial contours. In Figure 3
the segmentation results for a different number of initial
contours are presented. Improved segmentation is observed
by comparing Figure 3 with Figures 2. We can also see
from Figure 3 that some food items are still not detected.
The plates or bowls are not counted as food items, thus the
contours surrounding plates (or bowls) are undesirable contours, which introduce noise in food image segmentation. We
improve the segmentation results by integrating a background
removal method to remove the background regions before
image segmentation. Our proposed method is illustrated in
Figure 4.
To simplify the problem of food image segmentation, a
tablecloth with uniform color are used in our dietary assessment studies. The tablecloth with uniform color is the most
frequently occurring color in the scene. Therefore, we use
color histogram for each color channel in the RGB color
space to detect the most frequently occurring color. In our
implementation, we use 32 bins for the color histogram, thus
the number of pixels that fall into the ith bin are:
hc∈(r,g,b) (i) =

N

n=1

δ(

xn (c)
+ 1 − i)
8

(4)

where c ∈ (r, g, b), i ∈ [1, 32]; hc (i) is the number of pixels
whose c component falls into the ith bin; N is the total number



Fig. 4.

Block diagram of our proposed method for food image segmentation.

Equation 5, and then use snakes to generate the segmentation
with multiple initial contours. The experimental results are
presented in Figure 5. Figure 5(a) shows the original food
images; Figure 5(b) shows the initial contours on the original
images; (c) shows the segmentation results of snakes using
the original background; Figure 5(d) shows the segmentation
results of snakes after background removal.
III. E XPERIMENTAL R ESULTS

(a)

(b)

Fig. 3.
Illustration of segmentation results for multiple initial contours
distributed evenly: (a) the original food images with the location of the initial
contours (in red); (b) the segmentation results in blue.

of pixels in the image; xn (c) is the value of the c component
of pixel xn ; δ(x) is the impulse function which equals to 1 at
x = 0 and 0 anywhere else.
Suppose the most frequently occurring color detected from
the color histogram using Equation 4 falls in the bin l, where
l is a three dimensional vector containing the bin number with
the most frequently occurring R, G, B values, an image without
background area is generated:

I
(x,y)
if  org8
+ 1 = l
Cbkg
(5)
I1 (x, y) =
otherwise
Iorg (x, y)
where (x, y) represents 2D coordinates of the original image;
Iorg (x, y) is the value of the original image at (x, y); Cbkg is
the color value used to indicate the background areas of food
images. In this paper, the background color is set to white
(Cbkg = [255, 255, 255]).
We did two experiments for 60 food images. In the ﬁrst
experiment we use snakes with multiple initial contours to
the original food images. In the second experiment we ﬁrst
remove the background of an original food image, described in

In additional to visual comparison of ground-truth segmentations and segmentations produced by snakes, we also examined quantitative evaluation by generating precision/recall
scores for a range of input parameters (number of initial
contours between 9 to 289) of the snakes method. For benchmarking image segemntation [16], [17], two properties are
usually desired: objectivity and generality [18]. Objectivity
means that the test images should have a suitably deﬁned
ground-truth segmentation so that the segmentation evaluation
can be conducted objectively. Generality means that the test
images should have a large variety so that the evaluation
results can be extended to general images. In this paper,
we adopted the idea of objectivity and generality in the
evaluation of our segmentation results. To obtain a benchmark,
for each parameter we tested 60 food images acquired by
mobile telephone cameras in our studies. We divided these
60 images into two sets depending on the uniformity of their
background. “Set-1” contains 30 food images with uniform
background (Figure 5(a) ﬁrst row) and “Set-2” contains 30
food images with some non-uniform background structure
(Figure 5(a) second row). Different food items are used in
each food image to ensure the variety of food images tested
in our study. Human segmentation of the food items is used
as ground-truth segmentation for all food images.
In general terms, there are two approaches to measure the
segmentation quality: comparing the overlap between regions
in two segmentations of the same image; and evaluating the
agreement between corresponding segmentation boundaries
[19]. Since the segmentation output of our method is an image
with labeled boundary pixels, we evaluate the segmentation
results by comparing the boundaries from automatic segmentation with the boundaries from ground-truth segmentation.
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Fig. 5. Segmentation results of snakes with multiple initial contours distributed evenly: (a) the original food images (ﬁrst row: set-1; second row: set-2); (b)
the food images with initial contours (red); (c) the segmentation results with original background; (d) the segmentation results after background removal.

Matched(Ssnakes , Sground−truth )
precision =
|Ssnakes |
recall =

Matched(Sground−truth , Ssnakes )
|Sground−truth |

the average precision and recall scores are shown in Figure
6 and Figure 7, respectively. We see from these two ﬁgures
that the segmentation result has been improved by background
removal.
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Due to the computationally intensive nature of our method,
we did the segmentation on images that have been downsampled 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 also down-sample
the ground-truth segmentation by a factor of 4. In [20] Martin
proposed the use of precision/recall curves based on the
region boundaries to evaluate segmentation consistency. Given
a segmentation result from our snakes-based method Ssnakes ,
and the ground-truth segmentation Sground−truth , precision is
deﬁned as the proportion of boundary pixels in the automatic
segmentation that correspond to boundary pixels in the groundtruth; while recall is deﬁned as the proportion of boundary
pixels in the ground-truth that were successfully detected by
the automatic segmentation. Precision is sensitive to oversegmentation, while recall is sensitive to under-segmentation.
High values in both precision and recall scores can only be
achieved when the boundaries match in both segmentations.
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(6)
Fig. 6. Segmentation precision of food images with various numbers of
initial contours.

(7)

where |Ssnakes | is the total number of automatically detected
boundary pixels in the food images; |Sground−truth | is the
total number of boundary pixels in the ground-truth images.
In our evaluation, we set the matching threshold to be 5, which
means for two boundary pixels are “matched” if their spatial
location distance is within 5 pixels. The size of the downsampled images are 512 × 384.
In our experiments, the initial contours are set to be in the
same size and distributed evenly on the food images as shown
in Figure 5(b). Precision and recall scores are calculated for
all the images in our study. The turing curves resulting from



IV. C ONCLUSION
In this paper, we use active contours to segment food image
and improve the segmentations by using multiple contour
initialization and integrating a background removal model. The
segmentation improvement has been shown by comparing our
ﬁnal results after background removal with the original segmentation results using snakes. We are currently investigating
methods to improve and generalize the background model to
better model typical eating occasions. We are also investigating
how the segmentation approach described here improves our
food classiﬁcation [21] and volume estimation [8].
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Fig. 7. Segmentation recall of food images with various numbers of initial
contours.
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