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Abstract— a complete mobile phone application that allows user 
to track food items during each grocery shopping experience has 
been developed and presented in this paper. Item matching is 
performed by SIFT feature detection followed by affine 
RANSAC to remove false positive matches. Addition of new items 
involves SIFT feature extraction as well as text detection from 
product labels to record serving size and calorie information. We 
demonstrate this application as a server based system with 
mobile phones acting as clients. Finally, possible applications of 
this system are discussed. 
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I.  INTRODUCTION 

According to United Health Foundation’s 2011 America’s 
Heath Rankings, 27.5% and 8.7% of male and female adults 
are suffering from obesity and diabetes, showing a 37.5% 
increase in obesity and 42.6% increase in diabetes since 2001. 
Dramatic increases in obesity and diabetes cause greater risks 
for preventable illnesses and higher health expenditures. In 
order to mitigate this situation, regular management of diets is 
indispensable. Therefore, automatic food recognition is 
emerging as an important topic due to the increasing demand 
for better dietary and nutritional assessment tools.  

Researchers from Carnegie Mellon University presented a 
study for recognizing foods from videos of people eating, 
which are directly recorded in restaurants by a web camera [1]. 
From recognition results, ingested food calories are estimated.  
Shroff et al. [2] proposed a wearable computing system to 
recognize food for calorie monitoring. Maruyama et al. [3] 
investigated a “food log” system using food image analysis 
based on Bayesian network. Yang et al. [4] proposed a food 
recognition using statistics of pairwise local features. 

The Automatic Grocery Shopping Assistant mobile phone 
application that we demonstrate in this paper represents an 
integrated solution for keeping track of common grocery items 
purchased and their associated nutritional values. The 
application employs many common feature recognition and 
text detection packages such as SIFT feature detection, 
RANSAC feature matching, and Tesseract OCR text detection.  

From user’s perspective, Automatic Grocery Shopping 
Assistant offers two main features. First, it allows each user to 
accumulate his or her custom library of often-purchased 
grocery items from scratch. Each item is added to the library 
when it is first purchase. In addition, during item addition, 
nutrition facts associated with the item can also be added by 

simply taking a photo of the “Nutrition Facts” label on the 
package of the item. The second feature allows the user to 
record the number and type of items purchased during each 
grocery shopping experience by simple taking another image of 
the item (or items). The image is matched with the previously 
established library to label the item.  

Such real time information about items in the shopping cart 
during a grocery shopping experience could be used in many 
ways. It could be integrated with a shopping list as a check to 
make sure the user does not forget to buy anything. It could 
also be combined with common recipes to create suggestions 
for meal creation. For demonstration purposes in this paper, 
average calories per 100g will be tabulated using the matched 
item information. In the following section, we will explain in 
detail the implementation of the Automatic Grocery Assistant 
with a main focus on the image processing algorithms 
employed. As a proof of principle, we will only focus on 
grocery items that are sold in well-defined boxes such as 
cereal, sugar, cookies, with clearly labeled nutrition facts. 

II. SYSTEM ARCHITECTURE AND USER INTERFACE 

A. System Architecture 

Automatic Grocery Shopping Assistant is a 
computationally intensive application that leverages the 
mobility of the cell phone. Because it is desirable to keep a 
large library in memory for efficient matching, a server-client 
structure is used as the architecture for this image processing 
application (Fig. 1).  

 
Figure 1: System setup of the automatic grocery shopping assistant mobile 
application. The mobile phone acts as a client to a server based image 
processing unit. 

Each mobile phone represents a client that communicates 
with the server via a set of PHP scripts. Images taken by the 
phone is compressed to the desired size and sent to the PHP 
script as a byte stream. On the server side, a MATLAB server 
script is the workhorse of the image processing pipeline, calling 
other MATLAB functions as well as C and python functions. 



There is no direction communication between the PHP 
server and the MATLAB scripts in order to save the time used 
to launch MATLAB every time it is called. Instead, a 
handshake style communication method is used (Fig. 1). There 
are two folders “/upload” and “/output” that are accessed by 
both PHP and MATLAB to store input and output images. Text 
files are used as flags in the handshake sequence. 
“/inputReady.txt” is created by the PHP server when a post 
from a mobile phone is detected. MATLAB server then deletes 
the flag as acknowledgement and retrieves the input image. 
When processing is done, MATLAB server creates 
“/outputReady.txt”, which PHP waits for and subsequently 
deletes after removing processed data.  

B. User Interface 

After opening this app, the user interface is divided into two 
parts: the left part is the phone camera display screen and on 
the right there is a list of four buttons: AddIm, Addlabel, Match 
and tabulate (Fig. 2).  

 
Figure 2: Snapshot of the user interface of the automatic grocery shopping 
assistant mobile application 

1) “AddIm” button: the camera takes an image and 
uploads to the server. The server analyzes and saves extracted 
features in the image. 

2) “Addlabel” button: similar to mode 1, the camera 
uploads the image to the server, regarding it as the image of 
nutrition fact label. Serving size and calories are extracted and 
associated with the same item in mode 1.  

3) “Match” button: in this mode, items from a combined 
image are extracted and matched with SIFT features saved in 
the library. A message will return informing the user about all 
the items detected and corresponding nutrition facts 

4) “Tabulate” button: after clicking this button, the phone 
returns sum of calories from previous matching results. Sum is 
then reset to 0. 

III. LIBRARAY ITEM ADDITION 

The user can add a new item to the library kept on the 
server by taking a clear image of the front of the item package 
and pressing the “AddIm” button. The image is uploaded to the 
server and saved in the “/library/front” folder containing 
images of all library items. SIFT feature detection using 
VL_SIFT library is performed on the image to extract 
prominent features and their descriptor. This information is 

saved to the “/library/feature” fold and added to the library in 
active memory.  

Scale-Invariant Feature Transform (SIFT) [5] allows the 
extraction of robust feature descriptors of an image that are 

completely invariant to uniform scaling, rotation and partially 
invariant to affine distortion and illumination changes. The 

algorithm is robust even against clutter and partial occlusion.  

 
Figure 3: Image processing pipeline for SIFT feature extraction. 

 After uploading the new image to the server, SIFT feature 
extraction begins constructing scale space images by 
convolving the original image with a Gaussian kernel (Fig. 3). 
Then, Difference of Gaussian (DoG) transformation in scale 
space is performed to approximate Laplacian of Gaussian 
(LoG) in order to reduce computation time. Local extrema are 
located which represent shift invariant local features. Next, 
features that correspond to edges or low contrast areas (likely 
belonging to the background or noise) are filtered out. Finally, 
orientations are assigned to each keypoint detected and the 
feature descriptors are tabulated in a vector and returned. 

 
Figure 4: SIFT feature extraction results for a sample item added to the 
library. (a) SIFT features overlaid on top of the original image. Radius of the 
circles represents scale of the feature. (b) SIFT features sorted by scale from 
the image in part (a). 

Figure 4a shows a sample image added to the library with 
its associated keypoints overlaid on top. The radius of each 
keypoint corresponds to its scale. Even though some of the 
keypoint detected in this image are not desirable, all the 
keypoints are saved in the library for matching with future test 
images. A graph of the feature scales sorted in descending 



order for the image below is also shown (Fig. 4b). The 
threshold used for SIFT feature extraction is 0.045. 

IV. LIBRARY LABEL ADDITION 

We focused on detecting serving size and calories value for 
label detection. In order to match nutritional facts with each 
added item, each “Addlabel” action should happen right after 
“AddIm” action. The android phone takes a photo and uploads 
it to the server after clicking the “Addlabel” button. The server 
then processes the image and returns two line-images in the 
label: Serving size and Calories. The found two images should 
each contain a single line of text and properly binarized. 
Tesseract OCR program is called to recognize the text and 
extract numbers of serving size (unit: g) and calories (unit: 
kCal). Then Matlab searches for the only item without 
nutritional information and these two numbers will be saved 
into library under the item added in mode 1.  

A. Label Preprocessing 

The image is processed with some image processing 
algorithm before finding the serving size line and calories line. 
A normal photo of label contains background pixels and label 
in RGB format. The label is usually black and white and the 
background in some other color. The first step is to separate 
label from the background, using three thresholds for RGB 
values. If a pixel’s RGB components are all above a certain 
threshold (the color is approximately white) or below (the color 
is approximately black), the pixel is treated as a “label pixel”, 
otherwise it is a “background pixel”. Then the image is 
binarized based on the category. The region with the largest 
area is selected. Area outside this region’s bounding box is 
cropped (Fig. 5a).  

 
Figure 5: Label preprocessing algorithm. (a) The original photo uploaded by 
the phone. (b) Label region after color thresholding. (c) Label region after 
contrast enhancement. (d) Binary label region using global adaptive threshold. 

In the next step, contrast enhancement is followed by 
histogram equalization such that 1% of data is saturated at low 
and high intensities of original. The image is top-hat filtered 
and bottom-filtered. The image is added with the top-hat 

filtered image, and then subtracted with the bottom-hat filtered 
image (Fig. 5bcd).   

Tesseract OCR needs binary images as inputs, binarizing 
the image is essential. A global adaptive threshold using Otsu’s 
method is implemented, employing 50x50 sliding windows.  

B. Serving Size Information Extraction 

Serving size detection from the label uses frequency 
domain correlation to detect the word “Serving Size”. We first 
crop the word “Serving Size” from other images and use this 
as a template t[x,y]. Discrete Fourier Transform (DFT) is 
implemented on both the label image and the template. After a 
series of calculation and inverse Fourier transform, we are able 
to detect the peak in the phase correlation space and crop the 
corresponding line containing “Serving Size” (Fig. 6, 7).  

 
Figure 6: Calculation of frequency domain correlation. 

 
Figure 7: Serving size text line extraction. (a) Label image with word “Serving 
Size” detected. (b) 3d plot of the phase correlation surface between the label 
image and the template. (c) Cropped Serving Size line image.  

 

Figure 8: Calories text line extraction. (a) Label image without bars (b) Label 
image with only bars left. (c) Cropped Calories line image. 

C. Calories Information Extraction 

It is more challenging to extract calories information as 
there are often two lines with calories: “Calories” and “Calories 



from fat”. Through observing many nutrition facts labels, we 
found that “Calories” line is usually located between the 
second and the third black bar or line in the label.  

With the binary label image, we extract each separate 
region and filter them with orientation, major axis length over 
minor axis length ratio, and the length of major axis.  After the 
filtering only the black bars will be left and we can easily 
extract the location of the 2nd and 3rd bars, thus extract the 
calories line (Fig. 8).  

V. ITEM MATCHING WITH LIBRARY 

Over time, a personalized item library can be established by 
each user. With this library, the user could electronically log 
his or her grocery purchasing habits by simply taking images of 
the front of each item purchased during a shopping experience. 
More conveniently, each image could contain more than one 
item. This allows the images to be taken, for example, at the 
checkout line when all the items are placed on the conveyor 
belt.  

The application then tries to extract region corresponding to 
each item from the conglomerate image and matches each item 
with the library. If the item is found in the library, its associated 
information such as serving size and calorie content is retrieved 
and added to the current cart. If the item does not match any 
item in the library, the corresponding message is returned to the 
user prompting another image of the item. Finally, when all the 
items have been identified, the user could hit the “Tabulate” 
button to retrieve a summary of the items he or she purchased 
as well as the nutritional value associated with each item.  

 
Figure 8: MSER extraction. (a) Blurred image using box filter. (b) Binarized 
image with MSER region extracted. 

The image processing components of the item matching 
functionality is, again, performed on the server. There are 3 
mains steps of processing. First, for each combined image, 
preprocessing is performed to separate multiple items in the 
same photo. After isolation, SIFT features are extracted using 
the same process described already from each sub image. Each 
new SIFT features are matched with SIFT features of items 

stored in the library through pairwise matching. Finally, affine 
RANSAC is performed to trim off false positives. 

A. Image Pre-Processing 

During preprocessing, the combined image is first blurred 
several times with a box filter (Fig. 8a). At this point, most of 
the text and labels on the image should be blurred out. Then 
MSER regions are extracted from the combined image with a 
delta of 15. These images are labeled as TRUE pixels while 
background pixels are labeled as FALSE (Fig. 8b). Following 
binarization, dilation is used to connect white areas that should 
belong to the same region. Finally, area and bounding box of 
each region is extracted from the binary image. Area is used to 
filter out regions that represent noise and bounding box is used 
to create a rectangular cutout of the original image (Fig. 9). 

 
Figure 9: Image segmentation using bounding box of the white regions in the 
binarized figure. 

B. SIFT Feature Extraction and Matching 

After the image is pre-processed and segmented, SIFT 
packages is used to extract features from each test image and 
pairwise matched to SIFT feature descriptors from library. 
Euclidian distance between two matched features is used as a 
score for measuring the quality of matches. A lower score 
means the two feature descriptors are matched more closely. 
Most matches generated through SIFT matching are correct, 
however, false positives can also result (Fig. 10a). When 
plotting sorted scores of two correctly matched images, we see 
that most of the correct matches have a lower score while most 
incorrect matches have relatively high scores. It is also 
important to note that there are still some correct matches have 
higher scores than the incorrect ones (Fig. 10c). In order to 
make the system robust against noise from false positives, a 
threshold is established to disregard matching items with too 
few matches. The matched item will then be filtered with 
RANSAC. 



 
Figure 10: Item matching with library. (a) SIFT feature matching before 
RANSAC. (b) SIFT feature matching after RANSAC showing rejection of 
false positives. (c) Sorted score of every match showing most low score 
matches are true positives. 

C. RANSAC Feature Filtering 

In each pairwise matched images, RANSAC feature [6] 
filtering process is implemented to filter out false positive 
matches. Comparing Figure 10b to Figure 10a we see that after 
RANSAC filtering, all of only true positives remain. Matching 
specificity can be assessed by a histogram showing the number 
of matches between the test item and each item in the library 
(Fig. 11a). Even though similar items exist (three sugar items 
look very similar), they are successfully differentiated from the 
test item. Furthermore, a score plot of all matching features 
between the test item and the library shows that only the 
correct match from the library generates mostly low score SIFT 
feature matches with the test item (Fig. 11b). From the score 
plots, a threshold is set to filter the high-score, low quality 
matches. Finally, the item that generates the most number of 
high quality (low score) matches is returned as the correct 
match by the algorithm.   

VI. CONCLUSION 

We have demonstrated a server-based mobile phone 
application that allows users to add and track food items during 
each grocery shopping experience. SIFT feature detection and 
affine RANSAC are implemented for item addition and 
recognition. An algorithm of single line text extraction from 
product labels is developed to record serving size and calorie 
information. We demonstrate this application as a server based 
system with mobile phones acting as clients. This system has 
many potential applications. Combined with a shopping list, it 
could be used checklist. This app could also track the user’s 
shopping habits and make diet suggestions, therefore prevent 
chronic diseases such as obesity and diabetes. It could also be 

combined with common recipes to create recommendations for 
meal creation. 

 

 

Figure 11: (a) Number of matched features between the test item and each item 
in library. (b) Score of matching features using Affine RANSAC showing only 
the correct match generates the most number of low score (high quality) 
matches. 
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