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Abstract. Diet-related chronic diseases severely affect personal and global 
health. However, managing or treating these diseases currently requires long 
training and high personal involvement to succeed. Computer vision systems 
could assist with the assessment of diet by detecting and recognizing different 
foods and their portions in images. We propose novel methods for detecting a 
dish in an image and segmenting its contents with and without user interaction. 
All methods were evaluated on a database of over 1600 manually annotated im-
ages. The dish detection scored an average of 99% accuracy with a .2s/image 
run time, while the automatic and semi-automatic dish segmentation methods 
reached average accuracies of 88% and 91% respectively, with an average run 
time of .5s/image, outperforming competing solutions. 
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1 Introduction 

The epidemic spread of diet-related chronic diseases such as obesity and diabetes has 
severely affected public health on a global scale over the last decades. Diet manage-
ment is key to prevent and treat such diseases; yet, traditional methods often fail be-
cause patients lack the motivation and skills to assess their food intake. This situation 
demands novel tools and services to provide automatic, personalized, and accurate diet 
assessment, which are now feasible thanks to powerful smartphones and the recent 
advances of computer vision. Recently, a plethora of solutions has been proposed for 
the automatic recognition of food images and the assessment of their nutritional con-
tent. Some methods classify food images directly into one meal type and then retrieve 
the nutritional content from databases. These methods address meals with specific 
composition and size (e.g. fast food restaurants) but are insufficient for meals with 
arbitrary content and portions. For such cases, another category of systems exists, 



434 J. Dehais et al. 

which first detect and segment food items, then classify them separately, and finally 
estimate food portions from their 3D shape. Here, we focus on the first two stages of 
such a system. 

To deal with the automatic food detection/segmentation problem, the existing solu-
tions make assumptions on the number, color, and shape of dishes in the image, as 
well as the possible number of food items in each dish and the visual properties of the 
background. Shroff et al. [1] assume disconnected food items and a background of 
uniform light color, making a simple adaptive thresholding method usable. He et al. 
[2] experimented with active contours [3], normalized cuts [4] and local variation [5], 
and concluded that the latter is the most suitable choice. In their experiments, multiple 
dishes were considered, and the background was defined as the region with the most 
frequent color. In [6], Zhu et al. used feedback from recognition to choose the number 
of segments in normalized cuts. Matsuda et al. [7] also considered multiple candidate 
food regions by using: (i) the whole image, (ii) a deformable part model [8], (iii) a 
circle detector based on Hough transform [9] and (iv) the JSEG segmentation method 
[10]. Then, all of the candidate regions are classified and a predefined number of 
them are kept according to their classification confidence, without providing their 
locations in the image. Bettadapura et al. [11] use the hierarchical image segmentation 
of [12] together with unspecified location heuristics and assumptions for segmenta-
tion. Puri et al. [13] consider a single circular dish, detected with a fixed time 
RANSAC circle detection method [14], and classify dense image patches to generate 
a segmentation map. Classification makes this approach inherently limited by the 
performance of the food patch recognizer. Anthimopoulos et al. [15] make similar 
assumptions and use a RANSAC-based ellipse detector for the dish, followed by 
mean-shift filtering in the CIELab color space for the segmentation of the contained 
food. 

Semi-automatic methods have also been proposed to improve the accuracy of food 
detection and segmentation. Kawano et al. [16] assume multiple dishes containing 
single foods and ask the user to draw a box around each dish, then adjust the boxes 
using grab-cut [17] and recognize the content. Morikawa et al. [18] proposed a system 
where the user taps on each food item, providing seeds which then grow on square 
patches using RGB histogram similarity and empirically found thresholds. Oliveira et 
al. [19] also proposed a region-growing method in which the regions grow using spa-
tial variation and average color similarity. Different color spaces are used along with 
experimentally found thresholds. From the multiple results the one with the best clas-
sification confidence is kept. 

In this study we assume that the taken food image contains a single elliptical dish 
with possibly multiple food items and propose: 

• A fast and robust dish detection method using multi-layered RANSAC 
• A fast automatic method for food segmentation using non-parametric region 

growing/merging and CIELab color similarity 
• A semi-automatic version of the segmentation that enhances the results with 

minimum user input 
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3.2 Results 

Dish Detection. Because there is just one dish per image, indices (5) and (6) are equal 
when evaluating the dish detection. The average F score achieved by the proposed 
method is 99.1%, showing its robustness to different lighting and shooting conditions. 
The average processing time per image is 0.19 seconds, small enough to be used  
directly on mobile phones. 

Table 1. Performance comparison for different color spaces and distances 

Automatic Average Fmin (%) Average Fsum (%) 

RGB - Euclidian 45.7 61.1 

CIE94 [25] 69.6 80.2 

Proposed 80 88.2 

Semi-Automatic Average Fmin (%) Average Fsum (%) 

RGB - Euclidian 57.9 72.3 

CIE94[25] 66 78.2 

Proposed distance 82.9 90.8 

 
Segmentation. We first evaluate the influence of the color distance and the merging 
cost used for region growing and merging. As can be seen in Table 1, the proposed 
distance outperformed the RGB Euclidian distance by 20-30% and the CIE94 percep-
tual distance by nearly 10% for both automatic and semi-automatic methods and both 
evaluation metrics. Furthermore, Table 2 shows a considerable improvement for the  
automatic segmentation by including the length of the shared edge between segments 
in the merging cost. 

Table 2. Comparison of merging cost 

Merging Cost Average Fmin (%) Average Fsum (%) 

Color distance 74.7 85.8 

Color distance/ edge  80 88.2 

 
Table 3 compares the proposed food segmentation with methods from the related 

literature; for all methods, the true location of the dish was used to remove the back-
ground and dish segments. Flood fill corresponds to a version of region growing with 
a threshold on the maximal distance between a pixel and a region, similar to [18], but 
using the proposed distance and the dish seed (eq.1). For automatic segmentation the 
proposed system was closely followed by [15] in terms of accuracy, although the 
latter was more than four times slower. Local variation was less accurate and even 
slower, followed by ultrametric contours. For the semi-automatic case, the proposed 
method was about 1% better than flood fill, a non-negligible improvement consider-
ing the high accuracies of both methods. 
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Table 3. Comparison of segmentation methods 

Automatic Average Fmin (%) Average Fsum (%) Time (s/image) 

Proposed 80 88.2 0.45 

Mean-shift [15] 78.2 87.5 2.1 

Local Variation [5] 66.7 82.6 2.8 

Ultrametric contours [12] 54.1 69.2 19 

Semi-Automatic Average Fmin (%) Average Fsum (%) Time (s/image) 

Proposed 82.9 90.8 0.49 

Flood fill 81.2 89.9 0.52 

4 Conclusion 

We have presented methods to automatically and semi-automatically detect and seg-
ment food in images. The methods make limited assumptions: a single dish is present 
in the image, with circular or elliptic shape, and an arbitrary number of food items. 
First, the dish is detected and the different food items are segmented automatically, or 
with user interaction if needed. The average performance was 99% for the dish detec-
tion, 88% for the automatic segmentation and 91% for the semi-automatic, outper-
forming existing methods. The methods have been implemented in a client-server 
model, used remotely from a smartphone. Future work includes the extension of the 
methods to images with multiple dishes, the combination with 3D shape of the scene 
to improve the segmentation, and the porting of the methods to smartphones. 
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