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Abstract. Monitoring diet is crucial for preventing or dealing with
many chronic diseases. Therefore, plenty of different methods have been
developed to serve this purpose. Among these, automatic diet monitoring
based on mobile devices are of particular interest. An automatic system
is supposed to be able to detect type and amount of food intake. This
work suggests using a small checkerboard in food images as size refer-
ence as an aid for estimating food amount. Although checkerboard is
a simple pattern, most of the off-the-shelf algorithms do not perform
well in detecting small checkerboards. This paper extends a previous
work presenting a new stochastic model-based algorithm to detect small
checkerboards. The algorithm first locates the checkerboard in the food
image and then applies a customized corner detection algorithm to the
located region. Experimental results show notably better performance in
comparison to basic methods and to the previous version of the method.

Keywords: Corner detection · Small checkerboard · Model-based
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1 Introduction

According to World Health Organization, in 2014 the global prevalence of dia-
betes was estimated to be 9% among adults aged 18+ years while at least 2.8
million people die each year as a result of being overweight or obese [1]. There
are many other health problems which are directly related to diet. These facts
have fostered the emergence of many services which help people monitor their
diet. Moreover, there have been many efforts to make the monitoring easier and
more precise by automating it.

Food volume estimation is the most direct approach to automate the compu-
tation of calories or nutrients of food intake. Volume estimation from images can
be obtained through different procedures, but only up to a scale. Therefore, in
many studies, an object of known size is used as reference for volume estimation.
In [2], for instance, the user puts his/her finger besides the dish. In [4], a specific
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pattern of known size printed on a card is used as reference. Many studies have
followed the same idea using a checkerboard as reference [6][9].

The simplicity of the checkerboard pattern and the existence of effective algo-
rithms to detect it are some of the reasons for choosing it over other options. Nev-
ertheless, off-the-shelf checkerboard detection algorithms are usually designed to
be means for camera calibration or pose-detection processes. They are usually
tuned for specific situations like: flat checkerboards, a big checkerboard, that
is often the only object in the image, etc. Thus, for applications which do not
satisfy these requirements, different algorithms, or modified versions of avail-
able ones, are needed. Checkerboards which are used as size references usually
consist of few squares and occupy a relatively small portion of the image. This
situation makes it difficult for ‘standard‘ checkerboard detectors. Figure 1 shows
three examples in which OpenCV and Matlab checkerboard detection algorithms
fail. The OpenCV algorithm is available through the findChessboardCorners()
function, and the Matlab algorithm is available through the detectCheckerboard-
Points function (hereafter, they will be referred to, respectively, as basic method
1 and basic method 2 ).

In [3] we have introduced a method to locate small checkerboard in an image.
We used a small checkerboard, printed on a PVC card, as size reference. The
method can be used as a pre-processing step before applying off-the-shelf checker-
board detection algorithms. This paper is an extension of that approach. The
locating algorithm is improved and a new method to detect checkerboard corners
is presented. The method, first, locates the checkerboard in the image using a
model-based approach. Later, the detected region is processed by a customized
corner detection algorithm to obtain exact coordination of the checkerboard cor-
ners. It is shown that this idea outperforms the basic algorithms.

Fig. 1. First row: typical images used for calibration. Second row: Examples of images
in which checkerboard is used as size reference for food volume estimation, on which
both OpenCV and Matlab functions for detecting checkerboards fail, while, they are
correctly located by model-based algorithm (green areas)
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Fig. 2. Key points are evaluated in five steps to compute the similarity degree between
the projected model and the image.

Moreover, the stochastic nature of the proposed method gives it an important
advantage. In the case of food intake monitoring, missing the checkerboard in an
image would cost the user the trouble of providing another image of the food,
and even so there would not be any guarantee that, under the same condition,
the algorithm would work with the new image. While, the stochastic nature of
the proposed method makes it possible to run a new attempt on the same image,
when the first run fails.

2 Method

The method consists of two main steps: locating the checkerboard in the image
and then detecting the checkerboard corners in the located area.

2.1 Locating the Checkerboard

To locate the checkerboard, we use the same approach as [8]. The procedure we
adopted estimates the pose of an object based on a 3D model and can be utilized
with any projection system and any general object model. In this method, a
hypothesis of checkerboard location can be evaluated by rigidly transforming a
model of the checkerboard and then projecting it onto the image according to
a perspective transform. The likelihood of the hypothesis is evaluated using a
similarity measure between the projected model and the actual content of the
image region onto which the pattern is projected.

This procedure allows one to turn checkerboard detection into an optimiza-
tion problem, in which the parameters to be optimized are the coefficients of
the rigid transformation and of the projection. Using such a similarity measure
as fitness function, a meta-heuristic is then used to generate hypotheses, until
similarity reaches a predefined threshold, which means that the checkerboard
has been located.

One of the advantages over other model-based approaches is that this app-
roach does not need any preliminary preprocessing of the image or any projection
of a full 3D model [5].

In this work, the Differential Evolution (DE) is employed for optimization.
DE is a relatively simple evolutionary optimization algorithm. It iteratively tries
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Fig. 3. Camera coordinate system (green) and world coordinate system (blue). The
input vector of the fitness functions presents the transformation (translation and rota-
tion) which matches the camera coordinate system to the world coordinate system.

to improve a candidate solution to one optimization problem with respect to a
given measure of quality [7].

The fitness function calculates the degree of similarity between the re-
projected model and the image. In this work the input argument of the fitness
function is a vector of six parameters which represents the pose of the object with
respect to the camera. The first three parameters represent translation in the 3D
coordinate system and the other three represent rotation around the coordinate
system axes. These parameters describe the transformation which matches the
camera coordinate system (blue) in figure 3 to the world coordination system
(green).

To do so, 73 key points are used to describe the checkerboard model. The
similarity degree is calculated in 5 steps. In each step a subset of key points is
checked and a similarity term is added to the fitness. The solution passes to the
next step if at least a certain degree of similarity has been reached, otherwise
it rejects the hypothesis returning a bad fitness value. Figure 2 shows the key
points checked in every step of the fitness function. A perfect match will be given
a score of 54, however any score higher than 48 can be considered an acceptable
match in this work. In comparison to the previous work [3], we applied some
improvements in evaluating of the selected points and we also improved the
tunning of the thresholds to reach more consistent results on divers images.

2.2 Corners Detection

Since the approximate location of the checkerboard is detected during the first
phase, it is possible to design a customized algorithm to detect the checkerboard
corners on the cropped image. Algorithm 1 describes the process flow of the
corner detection method. The method is developed based on the fact that the
checkerboard is in the center of the cropped image and covers most of the image.

The process starts with calculating gray scale image and then single precision
image of the RGB input. Then, second derivative of the single precision image is
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Algorithm 1. Corner detection algorithm
function FindCheckerboardCorners

Image ← GetCroppedRGBImage()
Image ← RGB2SinglePrecision(Image)

� Calculate second derivatives at zero and 45 degrees
D0 ← CalcSecondDerivative(Image, 0)
D45 ← CalcSecondDerivative(Image, 45)

� Find the pixels with higer values
Corners0 ← FindCorners(D0)
Corners45 ← FindCorners(D45)

� Find 3 closest corners to the image center
CentralCorners0 ← Find3CentralCorners(Corners0)
CentralCorners45 ← Find3CentralCorners(Corners45)

� Expand the candidate checkerboards based on the centeral corners
Candidates0 ← ExpandCentralCorners(CentralCorners0)
Candidates45 ← ExpandCentralCorners(CentralCorners45)

� Choose the best candidate
BestCandidate ← ScoreCandidates(Candidates0, Candidates45)
return BestCandidate

end function

calculated in two direction: zero degree and 45 degrees. This allows the algorithm
to detect the corners of the checkerboards with various poses.

In both of the derivative images, the pixels with higher values are identified
as corners. This set contain checkerboard corners as well as other generic corners
inside the cropped image. Then, the fact that the checkerboard is located in the
center of the image is applied: three corners which are the closests to the image
center are belong to the central square of the checkerboard (one can not be sure
about the fourth one, due to approximation in locating of the checkerboard).
Afterwards, the other corners of the checkerboard will be detected by gradually
growing it from the central square.

However, There will be 3 candidates in each derivative image. Figure 4
demonstrates 3 different options of checkerboard expansion based of the three
selected corners. Obviously there is only one correct choice. Since, there are two
derivative images, that is 6 candidates in total. To find the true checkerboard,
each candidate will be scored based on the compliance with the known checker-
board structure (in this case a 5 × 5 one). The candidate with the higher score
would be selected as the true checkerboard.

3 Experimental Results

The algorithm has been tested over four sets of images, for a total of 458 images in
each of which a 5×5 checkerboard, printed on a plastic card. The images of each
set have been taken by a different mobile device and in different environments.
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In one case (Samsung Galaxy S3), since the high resolution default images led
to worse results using basic corner detection algorithms, a scaled version of the
images was tested as well. The fourth set therefore contains the images in the
third set scaled by a factor of 0.5.

In this work an implementation of DE with binomial crossover was used to
locate the checkerboard. DE was iterated up to 1000 times for every image.
Moreover, if the algorithm failed to locate the checkerboard in first attempt,
it was repeated from scratch with a new population. For every image, DE is
allowed to run up to four times.

Table 1 demonstrates the results of the algorithm in locating checkerboards.
In more than 98% of the cases the checkerboard was correctly located. In 89%
of the cases it was found within the first try of DE; on the average, DE has been
repeated 1.24 times for each image.

Table 1. Results of the DE-based checkerboard locating algorithm.

Table 2 shows the result of the corner detection algorithms. Five different
methods have been evaluated. Besides the basic methods and the proposed
method, the results of combining of the locating method and basic methods
have been reported. In the latter case, before applying the basic methods on
the original image, the region selected by the locating algorithm was fed to the
algorithm. If it failed, the original image was used.

As shown in table 2, there was an obvious improvement in both speed and
performance of the basic algorithms when they used the pre-processed images
(cropped checkerboard found by DE). Locating the checkerboard reduced the
total processing time (including pre-processing) of the basic methods respec-
tively by 23% and 71%, whereas the number of correctly detected checkerboards

(a) (b) (c)

Fig. 4. Center of image (red) and 3 closest corners on a located checkerboard. Only
one combination (a) is correct which its expansion reproduces the checkerboard.
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Table 2. Results of the checkerboard corner detection algorithms.

(a) Detection Rate (b) Processing Time

Fig. 5. Results summary: (a) Improvement of the detection rate after applying the
locating approach or using the proposed algorithm. (b) Processing time improvement
in compare to the basic methods.

increased by 20% and 10%. Yet, the best results come with the proposed algo-
rithm both regarding detection rate and processing time. Figure 5 shows a sum-
mary of the results.

Moreover, one can notice that the proposed method is much less sensitive to the
image resolution, whereas basic methods are dramatically affected by high resolu-
tion images, which are common in new smart-phones. It is an advantage of simple
models selected to be evaluated in locating phase and corner detection phase.

4 Conclusions and Future Works

A small checkerboard, can be a proper reference for many applications. There-
fore, this algorithm could be a valuable asset in automatic size-estimation appli-
cations and, in particular, for food amount estimation.
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The proposed algorithm offers very satisfying performance in detecting of
small checkerboard corners. It includes an improved version of a previous ly
developed pre-processing algorithm used to locating the checkerboard and a
new customized corner detection algorithm. We could show that, adding the
locating phase as pre-processing step, improves existing checkerboard detec-
tion algorithms as regards both processing time and successful detection rate
of small checkerboards. Moreover, the customized corner detection algorithm
outperforms basic methods even after improving them by pre-processing phase.

A symmetric checkerboard as the one used in this work may cause inconsis-
tent pose detections. The procedure we described is applicable to any pattern,
so an asymmetric checkerboard could be used in applications in which the accu-
racy of DE-based object location is more critical. Finally, taking into consid-
eration the intrinsic parallel nature of DE, parallelizing the algorithm on GPU
using platforms like CUDA or OpenCL could be considered to further improving
processing time.
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