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ABSTRACT
The availability of food ingredient information in digital form
is a major factor in modern information systems related to
diet management and health issues. Although ingredient in-
formation is printed on food product labels, corresponding
digital data is rarely available for the public. In this article,
we present the Mobile Food Information Scanner (MoFIS), a
mobile user interface that has been designed to enable users to
semi-automatically extract ingredient lists from food product
packaging. The interface provides the possibility to photo-
graph parts of the product label with a mobile phone camera.
These are subsequently analyzed combining OCR approaches
with domain-specific post-processing in order to automati-
cally extract relevant information with a high degree of ac-
curacy. To ensure the quality of the data intended to be used
in health-related applications, the interface provides methods
for user-assisted cross-checking and correction of the auto-
matically recognized results. As we aim at enhancing both
the data quantity and quality of digitally available food prod-
uct information, we placed special emphasis on fast handling,
flexibility and simplicity of the user interface.
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INTRODUCTION & RELATED WORK
Ingredient information about food products can be interest-
ing for different groups of people due to either ethical or
health reasons, such as finding organic or vegan ingredients,
or filtering out products unsuitable for allergy sufferers or di-
abetes patients. Although ingredient information is printed
on food product labels, corresponding digital data is rarely
available for the public. Various online food databases pro-
vide ingredient data; most of them are user-maintained, such
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as Codecheck.info, Barcoo.com, Fddb.info, Das-ist-drin.de
or Wikifood.eu, which has been developed and is maintained
by the CRP Henri Tudor. Many platforms also provide inter-
faces for mobile devices, so that food information becomes
more easily accessible. Most databases rely on the partici-
pation of volunteers and therefore offer interfaces for users to
add new products or edit product information. However, man-
ual entry of food information is tedious and time consuming,
which restricts the growth of the corresponding databases.

According to a 2005 WHO report [6] and Robertson et al.
[14], the attitude of European consumers is changing to-
wards the intensified consumption of healthy food. In or-
der to enable users to take informed decisions concerning the
healthiness of food, extensive food information platforms are
needed. Research on how to encourage users to voluntarily
provide digital data have resulted in game-like approaches,
for example the mobile game Product Empire by Budde and
Michahelles [2], where users can build virtual empires by up-
loading product information. Still, to the best of our knowl-
edge, none of the approaches that involve user input of dig-
ital food data offer methods for automated image-based data
extraction of ingredient lists, although the data is available,
printed on the product labels. In addition, food product labels
change frequently as indicated by Arens et al. [1], so that it is
important to keep the data up-to-date.

Image processing and optical character recognition (OCR)
have been in the focus of research for many years, and cor-
responding commercial tools as well as open-source solu-
tions are available for desktop computers. There are mo-
bile OCR tools using server-based methods to process images
captured by mobile devices, such as Google Goggles1 or the
ABBYY Business Card Reader2. For translation purposes,
mobile apps for instant recognition and translation of writ-
ten text are available, e.g., Word Lens3 or TranslatAR [5].
Laine and Nevalainen describe a theoretical approach to how
OCR can be performed directly on mobile devices [9], and
there is furthermore at least one prototype implementing the
Tesseract OCR engine4 for Android devices5. Most applica-
tions of OCR tools require scanned text documents that are of
high quality and have a clear contrast between text and back-
ground to produce good recognition results. Ingredient lists,

1http://www.google.com/mobile/goggles/
2http://www.abbyy.com/bcr/
3http://questvisual.com/us/
4http://code.google.com/p/tesseract-ocr/
5https://github.com/rmtheis/android-ocr
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however, have various appearances like different shapes of
product packaging, varying foreground and background col-
ors, glossy surfaces or irregular background patterns. In our
research setting, the pictures are assumed to be taken with
a low resolution mobile phone camera. Taghva and Stof-
sky point out that OCR errors vary from device to device,
from document to document and from font to font [17]. This
can induce problems with word boundaries and typographi-
cal mistakes. In their article, Taghva and Stofsky present a
spelling correction system for the Emacs platform on desk-
top computers. However, OCR input and error correction on
a mobile phone require rather multi-modal approaches. The
advantages of multi-modal systems for error correction over
uni-modal ones are discussed in a user study by Suhm et al.
[16]. Dumas et al. describe the differences between classical
graphical user interfaces (GUI) and multi-modal ones (MUI)
[3]. The semi-structured nature of ingredient lists makes full
automation extremely challenging, although the domain vo-
cabulary of food product data is rather restricted. To compen-
sate for weaknesses of the OCR and post-processing systems,
the user has to input unknown words or unrecognized parts
using other text input methods, like the mobile phone’s key-
board. In this context, Kristensson discusses challenges for
intelligent text entry methods [8]. She states that ”text entry
methods need to be easy to learn and provide effective means
of correcting mistakes”.

Most references concerning multi-modal interfaces focus on
speech recognition together with correction methods. In the
last decades, several user interfaces for speech recognition
error correction have been presented. The systems interpret
spoken language and the interfaces allow the user to correct
the result, for example using pens, touch screens or keyboards
at mobile phones or 3D gestures at Kinect-based game con-
soles. Some of the techniques encompass word confusion
networks, which show different candidates for each recog-
nized word that can be replaced [12, 18], some show inter-
faces that allow the user to select sentence or word alterna-
tives [4], and others use the dasher interface, which allows
users to navigate through nested graphical boxes in order to
select subsequent characters [7]. In the food-related domain,
Puri et al. propose an approach to refining the results of an
image-based food recognizer by allowing the user to list out
each of the food items present in a picture using spoken ut-
terances [13]. Although the project uses disambiguation of
recognition results through incorporation of input from dif-
ferent modalities (image and speech), the system by Puri et
al. does not offer any further opportunity for error handling
through the user.

The present paper introduces the Mobile Food Information
Scanner MoFIS – a user interface for mobile devices that
enables semi-automatic OCR-based information extraction
from food product packaging.

MOBILE USER INTERFACE
The MoFIS interface aims at enabling users to add product
information to a food product database in an effortless way
with their mobile phones, in order to enhance both the data
quantity and quality of digitally available food product in-

Figure 1: Main menu of the MoFIS application.

Figure 2: Image capturing interface with selected ROI.

formation. We have implemented a prototype that provides
possibilities for scanning product barcodes, taking pictures
of product packaging, marking and tagging regions of inter-
est (ROIs) and cross-checking and correcting product infor-
mation with a special emphasis on fast handling, flexibility
and simplicity of the user interface.

Main menu
Using four buttons, the user can start the different tasks of the
data acquisition process (1. barcode scanning, 2. taking pic-
tures to collect text information, 3. correcting and verifying
the OCR result and 4. submitting data). Products are iden-
tified by their EAN codes using the ZXING barcode scanner
library6.

Collecting information
For providing product information, the MoFIS app offers the
user the possibility to take several pictures of the food product
packaging in order to capture all areas containing relevant in-
formation, which is automatically extracted using OCR. The
data preview in the main menu adapts whenever the user pro-
vides or edits food-related information or when a provided
image has been successfully interpreted by the system. Small
status icons to the left of the respective preview line visualize
the current state of each data item (Figure 1). In each of the
pictures, the user can mark several regions of interest (ROIs).
Furthermore, the language and the type (product name, com-
pany name, ingredients, nutritive values) of each fragment
can be specified (Figure 2).

Result confirmation
The user is presented an overview of all information that has
been extracted and interpreted by the OCR engine so far. It
6http://code.google.com/p/zxing



Figure 3: Overview of OCR results.

Figure 4: Ingredient list overview.

shows the status of the result for each ROI, so that the user
can identify possible errors at a glance (Figure 3). The edit
button opens a view for further analysis and error correction.
In order to facilitate the user’s interaction during the confir-
mation task, the corresponding original picture has been inte-
grated in different views of the user interface. The aim of this
approach is to keep the user focus on the screen and, in this
way, to reduce the probability of errors.

Due to the complex semi-structured nature of ingredient lists
and the significance of their content, the interface provides
particular user support in the task of finding possible errors in
the corresponding OCR results and offers different possibili-
ties for error correction. An ingredient list overview enables
cross-checking by showing a section of the original image
containing the ingredient list in the upper half and the corre-
sponding text candidates in the bottom half of the screen (Fig-
ure 4). The two parts of the view are synchronized in such a
way that the image shows only a section corresponding to the
visible candidates, and scrolling of the candidates shifts the
image accordingly. Furthermore, the exact section of candi-
dates currently visible in the lower view is marked with brack-
ets in the original picture in the upper view. The overview
initially shows the best automatically retrieved candidates ac-
cording to a comparison with an ingredient dictionary. Candi-
dates with a low confidence score are highlighted with a yel-
low or a red background, based on the error distance between
the best dictionary match and the OCR result. The overview
provides the opportunities to remove wrong candidates, edit
minor errors or manually insert parts where the OCR entirely
failed. A long press on a candidate opens a context menu with
the corresponding options. The user can additionally double
tap on every candidate to see a detailed error correction view
presenting several candidates for each position in the ingredi-
ent list provided by the OCR post-processing engine. In order

Figure 5: Detailed error correction view.

Figure 6: Sample of the pre-processing: original image and
binarized version.

to compensate for text segmentation problems and to enable
the matching of composed ingredient terms, candidates with
different text lengths are considered, which are presented in
different colors in the correction view. The user can decide
which candidate fits best to the original text marked with a
box of a corresponding color (Figure 5). If the correct can-
didate is not suggested but a close match, the user can long
press on a candidate in the correction view to change the pro-
posed text. In this way, the user can benefit from the OCR
results and thus speed up the data acquisition process even if
the recognition results might not be perfectly correct. After
the user has made a selection, the subsequent word candidates
are automatically adapted by the selection engine.

IMPLEMENTATION
Although modern smartphones become more and more pow-
erful, we followed the approach of the majority of mobile
OCR clients and send the captured pictures to a server for
pre-processing, OCR and post-processing. The implementa-
tion of the user interface is so far limited to Android devices.

Text extraction
The open-source OCR tool Cuneiform7 is used to extract the
ingredient information from the source image. Along with
the text data, Cuneiform provides the bounding boxes of rec-
ognized letters, which are used to layout the preview com-
ponents in the user interface. The OCR software is used as
a black box, so that improvements are limited to appropriate
pre- and post-processing methods.

Pre-processing
In order to achieve reasonable results, the OCR software re-
quires binarized images. A good binarization algorithm for
text images amplifies the contrast between text and back-
ground. Especially in the case of poor quality pictures of
product packaging, pre-processing is an essential step. For
7https://launchpad.net/cuneiform-linux
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this project, we apply a modified version of Sauvola’s bina-
rization method [15, 10]. Figure 6 shows an example of the
result of the pre-processing algorithm.

Dictionary matching
Our post-processing method can compensate for OCR mis-
takes while trying to preserve the structure of ingredient lists.
Some ambiguities can not be resolved completely automati-
cally, and thus, the user interface offers alternatives, i.e., the
possibility to manually change the preselected candidates.

Structure of ingredient lists
Generally, ingredients are free-text phrases, separated by
commas or semicolons. Brackets enclose nested sub-lists of
ingredients, and special patterns, like declarations of weight
or percentages, can be appended to an ingredient. As Taghva
and Stofsky state in [17], OCR systems can misinterpret let-
ters, numbers, dividers and spaces, so that detecting word
boundaries is not always feasible. Therefore, reconstruction
of the correct ingredient list is only possible with a semi-
automated approach involving human assistance.

Entity matching
In this work, the existing WikiFood ingredient list database
was used in order to extract a corpus of food ingredient terms
and corresponding term frequencies. We use the concept
of bi-grams to enable access to potential candidates in con-
stant time. For this purpose, the OCR result is parsed and
split into individual words. Subsequently, all word entities
are collected and matched against the ingredient corpus. In
addition, a sliding window with a certain window length is
used to combine adjacent ingredients in order to improve the
matching of corrupt words and to be able to propose com-
posed ingredient terms in the user interface. On the one hand,
this creates overheads as the matching algorithm is executed
more often, but on the other hand this approach significantly
improves the result of the post-processing. In the matching
phase, all candidate alternatives are ordered by their match-
ing quality as compared to the OCR result, taking into ac-
count text edit distance, term frequency and term length. The
edit distance is calculated using the Levenshtein distance [11]
between the OCR result and the candidates. The output of
this algorithm is a sorted list of candidates for the start posi-
tion (offset) of every entity of the OCR result. Candidates at
the same offset can span different words or letters and may
overlap with neighboring candidates. Depending on the sug-
gestions, it is up to the user to select composed ingredient
terms or several individual words one after the other. The al-
gorithm outputs a maximum of 10 best-ranked candidates for
every offset position in order to limit network traffic and to
filter out inappropriate candidates. The preliminary ingredi-
ent list is initially automatically composed of the best-ranked
consecutive, non-overlapping candidates.

PERFORMANCE
To test the recognition rate of the MoFIS engine, we chose 20
random food products covering all different packing charac-
teristics in shape (cylindrical, rectangular, uneven) and color
(various text colors, background colors, transparent plastic

foil). We took pictures of the ingredient lists with a stan-
dard mobile phone camera (5MP, auto-focus) indoors under
normal daylight conditions, using the automatically triggered
flash light. We counted (a) the number of ingredients that
were correctly selected initially, without user interaction, (b)
the number of candidates that could be found, but had to
be selected from the list of alternatives and (c) the number
of candidates that had to be input manually8. In average,
(a) 90.38% of the candidates were recognised correctly, (b)
4.08% could be chosen from suggested alternatives and (c)
only 5.54% had to be inserted manually.

CONCLUSION
In this work, we have presented the MoFIS system, consist-
ing of an OCR server and a mobile user interface that can
be used to capture pictures with the mobile device, process
the pictures on the server and let the user validate and correct
the results directly on the phone. Using the MoFIS interface,
usually only little effort is necessary to accomplish the correct
results. The system can be used to automatically extract and
validate ingredient information from food product packaging
using a mobile phone, which is the first such attempt to the
best of our knowledge. Compared to basic OCR approaches,
this leads to more complete and accurate data with only small
additional effort.

We claim that this method provides an enormous advantage
for user-maintained food databases compared to traditional
text input. In the MoFIS system, most of the text is extracted
automatically, so that only little user interaction is necessary.
Finding errors – and especially correcting them – is supported
by the user interface by presenting both original preview and
user input simultaneously. As most modern mobile phones
have a camera of sufficient quality and as it is possible to run
the OCR and post-processing on a server in reasonable time,
this mechanism can provide an adequate alternative to current
food-related data acquisition approaches, e.g., through web
platforms.

In our future research, we plan to evaluate the MoFIS system
by conducting user-centered studies and to adapt and extend
the system based on the results and the user feedback gathered
in the course of these studies.
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