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Abstract

The growth of mobile devices capabilities makes them suitable

to perform complex processing tasks. This greatly widens the

range of algorithms that can be run directly on the mobile de-

vice, therefore enabling the spread of many new applications

unfeasible until few years ago.

Researches in Computer Vision can now exploit the growing

computational capabilities of mobile devices equipped with high

quality cameras, as long as many other built-in sensors. How-

ever, several limitation of mobile devices, with respect to tradi-

tional desktop computers, must take into account. Despite the

hardware improvements, computational capabilities and mem-

ory availability may present a severe issue, as well as limited

battery life and network connectivity. Also, in the mobile con-

text the user directly interacts with the device so that real time

response is often required.

Such limitations suggest that moving the computation towards

mobile devices is not a mere porting of existing algorithms.

Optimized code may run on the device, but most applications

require further processing or data that cannot be found directly

on the mobile device. Building mobile applications requires to

design algorithms that fit in the mobile system architecture

composed in by the mobile device itself, a remote server and

the network connectivity in between.



The purpose of the recently born field of Mobile Vision is to

face these issues. Mobile Vision is not only about optimizing

computer vision algorithms to run on limited hardware, but

also about defining mobile-oriented paradigms for algorithms,

and application designs to meet a particular mobile vision sys-

tem architecture, exploiting the set of sensors available on the

mobile device, and taking advantage of the role played by the

user in a mobile context.

The goal of this thesis is twofold. Firstly, it explores the im-

provements brought so far thanks to Mobile Vision, providing a

thorough analysis of the literature in this field and focusing on

the open challenges. The architectural solutions and the opti-

mization techniques required to run mobile vision applications

are then discussed. Secondly, it proposes two novel applica-

tions, namely an algorithm that make the ellipse detection task

feasible on mobile device in real-time, and a lightweight ap-

proach to visual place recognition to provide on the fly useful

content to users through intuitive and natural interaction.



Sommario

L’incremento delle capacità computazionali dei dispositivi mo-

bili rende possibile l’esecuzione su questi dispositivi di algoritmi

di elevata complessità computazionale, permettendo la realiz-

zazione di applicazioni impensabili fino a pochi anni fa.

Adesso la comunità scientifica di Visione Artificiale può sfruttare

le migliori caratteristiche dei dispositivi mobili, corredati di fo-

tocamere di qualità elevata e molti altri sensori. Tuttavia oc-

corre tenere in considerazione una tutta una serie di limitazioni

proprie dell’ambito mobile. Nonostante i continui migliora-

menti, la capacità computazionale e la memoria disponibile non

è ancora paragonabile ai tradizionali computer. L’autonomia

limitata della batteria e i problemi di connessione posso pre-

sentare un serio problema. Inoltre, nel contesto mobile l’utente

interagisce direttamente con il dispositivo e con l’applicazione,

e quindi è richiesto un tempo di risposta adeguato.

Queste limitazioni mostrano come l’utilizzo di algoritmi di Vi-

sione Artificiale su dispositivi mobili non sia immediato. An-

che se del codice ottimizzato può essere eseguito sul dispos-

itivo, la maggior parte delle applicazioni richiedono ulteriori

dati e capacità computazionale. Lo sviluppo di applicazioni

mobili richiede la progettazione di algoritmi che si adattino

all’architettura del sistema composto dal dispositivo mobile, da

un server remoto e da una connessione di rete che li collega.



Lo scopo della Visione Mobile, campo scientifico nato di re-

cente, è proprio di affrontare queste problematiche. Il suo scopo

non è solo quello di ottimizzare gli algoritmi di Visione Arti-

ficiale in modo che possano essere eseguiti su dispositivi con

prestazioni limitate, ma anche di definire l’architettura dei sis-

temi, di sfruttare i sensori disponibili, e di avvantaggiarsi del

ruolo dell’utente in rapporto con il dispositivo.

Questa tesi si pone due obiettivi principali. Il primo è esplorare

i miglioramenti apportati finora grazie ai principi della Visione

Mobile, fornendo un’ampia analisi della letteratura associata

e focalizzandosi sulle sfide rimaste ancora aperte. Inoltre sono

discusse le soluzioni architetturali e le tecniche di ottimizzazione

richieste per eseguire una applicazione in ambito mobile. Il sec-

ondo è di proporre due nuove applicazioni, cioè un algoritmo

che permette di eseguire in tempo reale su un dispositivo mo-

bile il riconoscimento di forme ellittiche, e un approccio com-

putazionalmente leggero al riconoscimento visuale di luoghi che

permette di fornire contenuti tempo reale all’utente attraverso

un’interazione naturale.
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Chapter 1

Introduction to Mobile

Vision

Since a few years ago, it was difficult to imagine an off-the-shelf smart

phone with computational capabilities comparable with mid-range com-

puters and equipped with a wide range of sensors, including high quality

cameras. The increasing performance of mobile devices is providing many

new opportunities for the scientific community. This is especially true in

the field of computer vision, where smart phone cameras guarantee high

quality images (see Fig. 1.1) and videos, and mobile devices have enough

computational power to process these data on board.

This has largely fostered the emerging research area of mobile vision

[81] in the past several years. Research in mobile vision is not only about

making computer vision algorithms work in real-time on mobile device with

less computational capacity and power. Even though the mobile device

has several limitations with respect to standard platform such as desktop

computers and servers, the sensors embedded on mobile devices provide

a new set of data that may serve to complement the visual information.

1



1. INTRODUCTION TO MOBILE VISION

Human factors are also another important aspect to take into account

because of the strong interaction between a user and the carried mobile

device.

This chapter explores the new field of the mobile vision. The use of

mobile devices in place of standard computers presents strengths and weak-

nesses. A thorough analysis of the literature details the solution proposed

so far, highlighting novel opportunities. Such application, however, must

deal with different limitations proper of mobile devices.
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Figure 1.1: Camera Quality.

1.1 Limitations of Mobile Devices

New opportunities for a large set of applications are linked to the employ-

ment of computer vision technologies on mobile devices. Mobile vision

addresses the challenges posed by the usage on such devices of algorithm

designed for standard computers.
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1.1.1 Limited Battery Life

Mobile devices are by definition not powered through cables, but by a

battery which guarantees only limited autonomy. While battery technology

will undoubtedly improve over time, as depicted in Fig. 1.2, the need to

be sensitive to power consumption will not diminish: a powered-off device

is, of course, useless.
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Figure 1.2: Battery Capacity.

This poses several limits to the kind of computations that can be per-

formed on the device. First, very long-lasting algorithms are not guaran-

teed to finish before the battery is discharged. Because of this (and several

other aspects that will be covered in the following) mobile devices can not

be considered as just another computational unit. Second, applications

should not drain all battery power, but should make a proper use to guar-

antee the other functionality of the mobile device. Consequently mobile

vision applications must pose particular attention to power consumption,

for example demanding computationally expensive algorithm to a remote

server, limiting the use of the sensors, keeping the display off if not neces-

3



1. INTRODUCTION TO MOBILE VISION

sary, avoiding to send big amount of data on the network, and so on.

1.1.2 Limited Computational Power

Although mobile devices are becoming more and more powerful, as depicted

in Fig. 1.3, their computational power is still not sufficient to handle

computationally intense tasks. From this perspective, migrating much of

the computing into the cloud or to a remote server is essential.
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Figure 1.3: CPU speed.

1.1.3 Limited Storage Capabilities

Most mobile vision applications are driven by large amounts of annotated

visual data which can not be stored locally on the mobile device. Also

in this case, the computation must be migrated to a remote server where

storage is not an issue. Other available solutions range from designing

lightweight databases, to limiting the size of stored data, for example using

compressed or low size descriptors. Such optimization techniques will be

further explored in Chapter 2.
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Figure 1.4: Storage Capacity.

1.1.4 Limited Connectivity

When a task may not be performed locally on the mobile device, because

the aforementioned issues, the application must communicate with a re-

mote server through the network. Some places may offer reliable, high-

bandwidth wireless connectivity, while other may only offer low-bandwidth

connectivity. Outdoors, a mobile client may have to rely on a low-bandwidth

wireless network with gaps in coverage. As such, network delays and band-

width limitations must then be taken into account. In Fig. 1.5 is reported

the time required to perform an image matching query. Sending the whole

image compact features has different impact with respect to the network

bandwidth.

In general, however, it is very important to send the minimum amount

of information on the network because of billing issues or battery consump-

tion. This can be achieved by pre-processing data on the mobile device and

by sending to the remote server low-size features.

5



1. INTRODUCTION TO MOBILE VISION
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Figure 1.5: Storage Capacity.

1.1.5 Real Time Interaction

Besides differences regarding the hardware, another important difference is

related to the role of the user. In most mobile vision application the user is

part of the system. In order to make the interaction with the user feasible,

as well as enhancing the user experience, mobile vision application usually

have very strict real time requirements.

1.2 Related Works and New Opportunities

Mobile phones have evolved into powerful image and video processing de-

vices, equipped with high-resolution cameras, color displays, and hardware-

accelerated graphics. They are also equipped with GPS, magnetometer,

gyroscope and many other senors, and connected to broadband wireless

networks.

Such evolution fostered the development of a wide number of applica-

tions. This is also witnessed by the growing number of scientific papers in

6



0

10

20

30

40

50

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Paper in Mobile Vision

Figure 1.6: Work in Mobile Vision in recent years.

the field of mobile vision (see Fig. 1.6).

1.2.1 Mobile Visual Recognition

Visual place recognition, Location-based services and mixed/augmented

reality have become popular topics in recent years, largely in the context

of consumer applications where user-centered visual computing is essential.

In essence, all these applications start from a snapshot image taken by a

user from the camera on the mobile device. This photo will then be matched

against a pre-annotated image database to extract useful information that

is provided to the user, such as movies reviews, restaurant menus, historical

descriptors of a nearby building, and so on.

1.2.1.1 Image Based Retrieval

The advances of mobile device enables a new class of applications that

use the camera phone to initiate search queries about objects in visual

proximity.

This kind of applications may be useful in everyday activities like prod-

uct recognition. In scenarios where a customer wants to easily get infor-

mation about products, such as books or CDs, these applications allow

to retrieve the requested information simply taking a snapshot with the

camera-phone of the product [30, 167, 169, 195]. The query is processed in

7



1. INTRODUCTION TO MOBILE VISION

the device and query data are sent over the wireless network to a remote

server to be recognized against a large database of products. The results

are then sent back to the customer. Even if such applications are relatively

simple, since book and CD covers are rigid planar objects with a texture,

they present several issues typical of mobile vision. The variance of the

snapshot, due to different light conditions or motion blur, as well as im-

age geometric distortions require to extract robust features for a reliable

matching. Aside well-known descriptors typical of Computer Vision such

as SIFT, SURF, and Bag-of-Words approach, novel features are presented

to allow a compact representation and cope the limited bandwidth net-

works. Semi-local visual parts grouped from local features are proposed in

[195]. This solution requires to take multiple shots or a video clip in or-

der to remove noise and clutter, but significantly improves the precision of

retrieval. Also, real time response to the user is essential, and recognition

algorithms should scale gracefully with the size of databases. In [167, 169]

the Scalar Vocabulary Tree is used to efficiently reduce the search space to

a small subset of most likely database matches.

Mobile devices are now frequently used to download and watch videos.

However videos watched on a TV are typically not related to the same

video available online. Consequently to find the same video to watch the

remainder may be a long and boring activity. In [26] is presented a system

to recognize not only the video, but also the exact scene, so that the user

can easily resume the video and watch it on the mobile device. To overcome

the issue that a single snapshot may not contain enough useful features

for an accurate recognition, they propose to take a short video and to

automatically select the best frames. This guarantees low latency in query

acquisition and transmission.

Mobile image matching approaches have also been used to increase road

safety by recognizing traffic signs and alerting the user [103]. Inventory of

road sign may also be achieved relying on the GPS sensor available on the

8



mobile device [12].

Other applications range from a cooking recipes recommendation sys-

tem, which is able to recognize the food ingredients[110, 192], to the recog-

nition of electronic components [4].

The importance of these applications is witnessed by the interest of the

industry with application like SnapTell, Kooaba, and Google Goggles.

1.2.1.2 Visual Place Recognition

The main challenge for visual localization is the rapid and accurate search

for images related to the current recording in a large georeferenced dataset.

In the computer vision community many methods, such as [99, 145] use

the detected local features to generate the visual words which will be used

to compute the image descriptors such as Bag of Features for retrieval

use. Indexing structures such as vocabulary trees [117] are then used to

organize the generated image descriptors to get a fast retrieval system.

While promising, most of these works rely mainly on visual analysis for

recognition and are centered on PC environments and are not feasible on

mobile devices.

With recent advances in mobile computing, the demand for visual place

recognition or landmark identification on mobile device is gaining much

interest. Image captured with a mobile device are used to retrieve the

spatially closest image from a georeferenced dataset [147]. The visual ap-

pearance may dramatically change between the image of a building stored

in the dataset and a query. Different lighting conditions which may cause

shadows and reflections, different viewpoint and the presence of dynamic

objects such as pedestrians or cars may produce great variation in the im-

ages. Besides mentioned issues, mobile visual place recognition may rely

on some sort of localization, provided by the GPS sensors or at least by

the cell-ID of the network provider.

In mobile applications, the mobile user takes a query image, and then

9



1. INTRODUCTION TO MOBILE VISION

transmits it to a remote server to identify its corresponding image through

visual searching. The database images are commonly represented by BOF

descriptors, and the inverted indexing is used to organize these visual de-

scriptors for retrieval use. In [148] retrieval performance is significantly in-

creased by composing partial vocabularies based on the uncertainty about

the location of the client, thus efficiently integrating prior-knowledge into

the matching process.

Network latency may be reduced by implementing the algorithm di-

rectly on the mobile device [65, 160]. This is achieved in [160] by com-

pressing and incrementally update the features, derived from SURF, on

the mobile phone. Scalability is guaranteed by pruning irrelevant features

based on the proximity to the user. A vector quantization strategy is

adopted also in [65], combining the Transform Coding and Residual Vector

Quantization.

The location recognition accuracy may be incremented by fusing the

inertial sensors and computer vision techniques [66]. The GPS may be

used to retrieve only images falling in nearby locations cells [160], to search

local vocabulary trees to speed up the visual searching process [31] or to

design location discriminative vocabulary coding to achieve low bit rate

transmission [88]. In [65] the VLAD descriptor is integrated with the GPS

data. In [32] is proposed an effective method that employs an integration

of content and context analysis to perform landmark recognition. For the

content analysis a new bag-of-words framework was developed, while the

contest analysis involves fusion of location and direction information. The

performance of visual and inertial sensors is further improved designing an

efficient Adaboost algorithm [100].

Other approaches rely on 3D models. Exploiting vanishing points in

query images and thus fully removing 3D rotation from the recognition

problem allows to simplify the feature invariance to a purely homothetic

problem [6]. 3D coordinates may also be obtained by projecting features
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on a digital model [181].

1.2.2 Mixed/Augmented Reality

With the increasing quality and pixel resolution of smart phones cameras,

they can replace dedicated digital cameras in many circumstances. For

some applications, smart phones may be superior as they typically have

much more computational capacity and additional sensors, enabling mobile

applications on the fly such as mixed and augmented reality applications

[120].

One of the central issue in augmented reality is to track a planar object

moving relatively to a camera. This task is difficult due to several factors,

such as illumination changes and motion blur.

First applications relied on fiducial markers because their detection is

less computationally demanding [176]. The use of 2D visual codes, such

as QR codes, attached to physical objects allow to retrieve object-related

information and functionality providing a natural way of interaction with

these objects [138]. More accurate techniques allow to enhance tracking

performance also in case of degradation in the effective image, that can

happen when the target is distant from the camera [83] or in the case of

visual clutter [177].

Instead of a marker, in [38, 97] the human hand is used as a distinctive

pattern. The virtual object is rendered on the palm and reacts to hand

and finger movements.

In outdoor environments, the application needs to match the camera-

phone image with location-tagged images. To avoid network latency, the

features stored directly on the phone may be compressed and incrementally

updated [160]. Other techniques recur to the 3D reconstruction of the scene

[5]. Sensor fusion techniques based on GPS and gyroscope may improve

the accuracy [153, 196]

Hybrid approaches based on the client-server architecture have also
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been proposed. The task of recognizing an object and tracking it on the

user screen is split into a server-side and a client-side task, respectively

[60, 69, 113].

Object recognition and tracking may be based on the 3D geometry of

the related object, generated from common 3D CAD models [11, 62].

Tracking features using motion vectors obtained directly from the video

coder has been proposed in [159]. For the tracking of weakly textured ob-

jects the MSER descriptor has been proposed [46] for detecting the required

contours in an efficient manner and to apply random ferns as efficient and

robust classifier for tracking. Other approaches rely on the shape of the tar-

get, which can thus be also a sketch [71]. The approach described in [123]

aims at tracking object without texture, but relies on the use of depth in-

formation. In [171] instead, the proposed method based on the geometrical

features aims at detecting a wide variety of textures, including handwritten

text, low-textured images, traditional black and white markers, and even

random dot markers.

Aside for gaming purposes, augmented reality technologies have been

applied also for the measurement, 3D modeling and visualization of furni-

ture or other objects [157]. In [84] is presented an application for augmented

reality registration on wind farms.

Once the pose of a target object has been estimated, it is displayed

on the screen of the mobile device. The methods [93, 118] deal with the

rendering of such objects, adapting illumination and shadows according to

the scene to make virtual object indistinguishable from real objects.

1.2.3 Text Recognition and Translation

The translation of a text framed by a mobile camera may be very useful in

several circumstances.

Text Recognition is usually performed by standard Optical Character

Recognition methods. They typically presents low recognition rate when
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the text presents perspective distortions or is not properly aligned, cen-

tered, zoomed, or illuminated. Consequently, after a detection step, a

pre-processing involving perspective transformation and illumination bal-

ancing is required [17, 49, 170]. Different techniques are adopted for text

detection. Assumption on the shape, such as rectangular sign [17] may

guarantee good detection accuracy, but less generality.

Other methods rely on a texture segmentation approach based on Ga-

bor filters [49], or on edge-enhanced MSER-based algorithms [170]. The

approach in [124] instead focuses first on single letters, relying on the ge-

ometry of the edges contour. Efficient rules allows then to quickly find the

reminder of the word. The simplest solution is the manual initialization by

tapping on the screen [57].

A specific method was developed for detecting Korean signs [45]. Text

detection is performed using a simple edge-based method, under several

assumption such as the position of the text in the image.

1.2.4 Soft Biometrics

Modern smart phone not only have the memory capacity to store large

amounts of sensitive data, such as contact details and personal photos, but

they also provide access to persoanl data stored on the internet, such as on

social networking sites or email. Although passwords provide protection

against unauthorized access to this data it presents several drawbacks.

Biometric authentication [166] is an alternative that allow unique iden-

tification of the user and is not easy to be lost or stolen. While biometric

system may be based also on fingerprints and voice recognition, mobile

vision applications are focused on the use of the camera.
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1.2.4.1 Face Recognition and Authentication

Using the mobile camera is possible to authenticate the user from the facial

features.

The first step is to detect the face of the user. Many methods [24,

70, 115, 162] rely on the well-known method proposed by Viola and Jones

[175] or its variations. For close range face detection, a cascade asymmetric

principal component discriminant analysis is proposed, enhanced with a

focus attention strategy [134].

Typical algorithms for face recognition on mobile device rely on correla-

tion filters, Individual PCA and FisherFaces [173]. While Individual PCA

and FisherFaces work in the image domain, correlation filters work in the

frequency domain and offer advantages such as shift-invariance, the abil-

ity to accommodate in-class image variability, and closed-form expressions.

Computationally efficient minimum average correlation energy filters have

been used also minimize computation on the device [115]. Face recognition

may be accomplished through color-based skin detection and verification

with fiducial points to reduce errors [146]. Fiducial components have been

used also to build a facial graph model which involves both of appearance

and geometric facial information, is built for face representation [1]. Salient

parts of the face are used to improve the accuracy. Through eyes template

matching in specific regions of the face, then the local binary pattern is

adopted for fast face recognition [24, 70]. Wavelet domain feature vec-

tors have been proposed for accuracy, efficiency and adaptability [85]. In

[76] are discussed methods based on the appearance using Support Vec-

tor Machines to handle large dimension feature vectors, and probabilistic

classifiers based on Gaussian Mixture Models. Real time training on mo-

bile device [39] is obtained extracting local face features using some local

random bases and then sequential neural network is trained incrementally.

This allow to drastically reduce computational time. Complete systems for

faces verification are discussed in [42, 135]
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1.2.4.2 Emotion and Expression Analysis

Nowadays most smart phone are equipped with both rear and frontal cam-

era. This could lead to application able to analyze the expression of the

user. The industry started to take interest in such features: the Samsung

Smart Pause feature uses the front camera to sense when the user is looking

at the device and pauses video playback when the user looks away from

the screen, while an iPhone app allow to unlock the device with a smile.

Application that are able to recognize the users emotion may provide

useful feedback. Some application already exist [96, 130], but they do not

rely on the camera. The use of computer vision techniques for emotion

recognition may provide an interesting contribution.

1.2.5 On-board Image and Video Processing

The growing computational capabilities of modern mobile device make sev-

eral image and video processing algorithms feasible directly on the device.

1.2.5.1 Video Rectification

In [136] is presented a method to efficiently rectify videos from mobile de-

vice equipped with rolling shutter cameras. The distortion model based

on 3D camera rotation is extended using multiple knots across a frame

in order to enable the algorithm to detect non-constant motion during

frame capture. Rolling shutter distortions are corrected also using mea-

surements from accelerometer and gyroscope sensors [74]. Low-pass filters

are used to obtain the output camera trajectory. In [56] the camera motion

is parametrized as a continuous curve with knots at the last row of each

frame. Curve parameters are solved using non-linear least squares over

inter-frame correspondences.
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1.2.5.2 Image Editing

Effective methods to create a new composite image by removing, adding,

and moving objects in an image have been proposed [188]. First, a gradient

vector field is created from the gradients in the source image, and then

updated by inserting or removing object gradients and filling areas with

a best-fit patches approach. A diverge vector field is computed and used

for recovering. Other methods to remove objects from images or videos

are presented in [78, 94, 152], first selecting the object to remove and then

adopting inpainting techniques.

1.2.5.3 Panorama Building

Many applications provide the capabilities to build panorama images by

stitching together several images of the same subject with slightly different

points of view.

Approaches based on dynamic programming find a good boundary

along which to merge the images, and a translation smoothing process

using instant image coning removes merging artifacts [184]. A minimal-

cost path is used in [185] as an optimal seam to label images. Overlapping

images are cut along the seam and then merged together. By finding op-

timal seams is possible to avoid ghosting and blurring problems caused by

moving objects and small registration errors. In [187] graph cut optimiza-

tion is used for finding optimal seams in overlapping areas in the source

images to create the composite images.

In [186] is proposed a computational and memory efficient method,

based on a mask-based image blending approach.

1.2.5.4 Structure Estimation and Scene Reconstruction

The estimation of 3D structure and motion from 2D images is a central

problem in computer vision, and now, thanks to technologies advances, is
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possible also on mobile device.

In [73] is derived a dynamic system describing the motion of the cam-

era and the image formation. An extended Kalman filter is applied for

estimation of both structure and motion. The method described in [77]

deals with the issues of structure from motion algorithm in case of rolling

shutter video exploiting the continuity of camera motion both between and

across a frame. In [174] is introduced a system which constructs a textured

geometric model of the user’s environment as it is being explored. This

is achieved by organizing 3D features into roughly planar surfaces and ap-

plying stereo analysis. A SLAM (Simultaneous Localization and Mapping)

system based on keyframes, as long as the adaptations to mitigate the

impact of the imaging deficiencies of the device is described in [92].

Starting from a set of panoramic images, a coarse 3D model of the envi-

ronment can be estimated by using a cheap on-line space carving approach

[122]. The method described in [61] behaves like a panorama mapping or

a SLAM system depending on the motion of the camera.

1.2.6 Tourism And Cultural Heritage

The availability of methods for mobile place recognition and object de-

tection allows the development of applications for tourism and cultural

heritage. In such context users often require to know where they are or

what they looking at, in order to get useful information about a place or a

piece of art [43].

In [121] is proposed a variant of the standard SIFT descriptor by se-

lecting only informative keys for the identification of urban objects. Scene

recognition systems [102] enable tourists to access description of outdoor

environments.

Many application have been proposed to enhance the user experience in

museums. The SURF descriptor is adopted in [9] for the recognition of ob-
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jects of art. In [52] is presented a museum guidance systems for lightweight

object recognition based on neural networks. This enables museum visitors

to identify exhibits by capturing photos of them [14]. A dynamic network

configuration adapts to the current visibility situation while keeping the

memory and processing requirements at a minimum. In the future, enter-

ing a museum might automatically trigger the transformation of the mobile

phone of a visitor into a piece of personal guidance equipment [15]. The

tourist guide system developed in [35] presents to city visitors information

tailored to both their personal and environmental contexts. For improv-

ing user experience during museum visits, markerless augmented reality

systems have been proposed [44, 164] to overlay information on the user

mobile screen. The project described in [3] provides customized and de-

tailed multimedia information also in a archaeological site.
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Chapter 2

Mobile Vision

Architectures

The architecture of a mobile vision system is composed by a mobile device,

carried by a user, and connected to a remote server through a wireless

network, as depicted in Fig. 2.1. This architecture is due the fact that

mobile applications usually require resources that are not available directly

on the mobile device, and thus need to be retrieved from a remote server

through a network connection.

In the field of computer vision, tasks are performed directly by a powerful-

Figure 2.1: Mobile vision general architecture.
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enough computer (or even a cluster, or in the cloud), where processing is

usually batch-based since the response time is not a major issue. Mobile

applications, instead, pose a unique set of challenges (see Sect. 1.1). What

part of the processing should be performed on the mobile client, and what

part is better carried out at the server? On the one hand, transmitting

a JPEG image could take tens of seconds over a slow wireless link. On

the other hand, extraction of salient image features is now possible on mo-

bile devices in seconds or less. This leads to several possible client-server

architectures.

Some computational intense algorithm are not feasible on the mobile

device, either for limited computational capabilities or memory require-

ments, and are thus more suited to run on a remote server which then

sends the results back to the mobile device. Some algorithm need a large

amount of data to complete. As an example, image matching algorithm

usually require a huge amount of images in order to provide meaningful

results. If these data can not be stored on the mobile device because of

storage limitations, the solution is to store them remotely. The matching

algorithm that need such data must then be run remotely to efficiently

access the required data.

Instead of saving all data on the internal storage, it is also possible

to retrieve the needed data online. On one hand, this task may be ac-

complished directly by the mobile device. However, the limitations of the

mobile network for connectivity, bandwidth or billing policies may present

a severe issue. On the other hand, remote servers are usually equipped with

stable, fast and cheap connectivity. As a result, if the amount of traffic on

the network is large, it can be demanded to the remote server.

On the top of these considerations, the design choice regarding how to

distribute the computation throughout the system results to be crucial to

guarantee the correct functioning of the application. The paradigm widely

adopted in Mobile Vision is to accurately analyze the data flow of the
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Figure 2.2: Typical processing steps in a mobile vision system.

application. The data flow of a typical mobile vision system is summarized

in Fig. 2.2. Every mobile vision application need to collect some sort of

data from the sensors, which usually is an image from the on-board camera,

though data from accelerometer, gyroscope and other sensors may be useful

as well. Accordingly to the computational capabilities of the mobile device,

some pre-processing may be executed directly on the mobile device. If the

application requires a large amount of data to process the query, usually

the query is executed remotely, where the storage capacity is not an issue.

Also, the query processing may be very computationally intense, and is this

usually performed on remote server with sufficient computational power.

The amount of data to send remotely through the network should be usually

be kept at a minimum, but relies on the capabilities of the mobile device

to efficiently compute lightweight features. If the final processing has been

performed remotely, the results need to be returned to the mobile device

for the presentation to the user.

In this chapter different mobile vision architectures and optimization

techniques to overcome the typical limitations proper of mobile devices are

investigated.

2.1 Mobile Vision System Architectures

The feasibility and the performance of a mobile vision application depend

heavily on the underlying system architecture. The criteria for the appro-

priate design choice should take into account the limitations of the mobile

device, the quality of the network connectivity, the amount of data and
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computation required to answer the query, and the application responsive-

ness. Four mobile vision architecture may be identified:

• The whole algorithm is performed on the mobile device. All needed

data are stored locally (Sect. 2.1.1).

• The mobile client transmits a query image to the server. The algo-

rithm then runs entirely on the server, including the processing of

the query image (Sect. 2.1.2).

• The mobile client processes the query image, extracts features and

transmits feature data through the network. A portion of the algo-

rithm run on the server using the feature data as input (Sect. 2.1.3).

• The mobile client may be connected also to other devices to create a

collaborative network (Sect. 2.1.4).

2.1.1 Mobile Device Only Architecture

A mobile application can be self contained on the mobile device, as de-

picted in Fig. 2.3. All data required by the application are locally stored,

and the computational power of the device is enough to handle all the pro-

cessing. Since there is not remote server, unless the application itself needs

to retrieve information online, the network connectivity is not required.
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Figure 2.3: Mobile device only architecture.

This architecture guarantees the fastest responsiveness because of the

lack of network transmissions or server side computation delays. Applica-

tions with strict real time constraints and that do not require large amount

of data should be structured according to this architecture. Augmented Re-

ality applications 1.2.2 are a notable example of applications that requires

only data about the target and the objects to be drawn,that must run

smoothly for the constant user interaction, and where the processing re-

quired can be carried out directly by the mobile device. Also the whole

range of On-Board Video and Image Processing applications 1.2.5, such

as Video Rectification, Image Editing, or Panorama Building applications,

run locally on the device.

As already mentioned, applications that rely on this architecture must

perform all processing on the device. Methods developed for standard desk-
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top computers may perform poorly on such limited hardware. Algorithm

optimization is the key to move Computer Vision algorithms to the mobile

device. As discussed later in Sect. 2.2, several typology of optimization ex-

ist, such using dedicated hardware or re-designing lightweight algorithms.

Through appropriate optimization, also the size of data may be reduced, to

the extent that even datasets may be stored locally on the device, widen-

ing the range of possible application that can benefit from this low-latency

architecture.

2.1.2 Remote Server Only Architecture

The mobile device can only serve as an input and presentation device, as

depicted in Fig. 2.4. The mobile application retrieves the images from the

camera, and eventually data from other available sensors, and sends them

directly to the remote server, with no processing involved on the device.

The whole processing is demanded to the server.
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Figure 2.4: Remote server only architecture.

Because the raw data are sent remotely without pre-processing, net-

work delays may represent a severe issue. This architectural solution was

desirable when the processing power of mobile device did not permitted the

execution of any computer vision algorithm, which now are widely adopted

to extract low-size features in order to send only a limited amount of data

on the network.

The advantages of this architecture, such as the exploitation of the

server capabilities in term of computational power, storage and large band-

width, can be achieved by relying on an architecture that involves some

pre-processing on the mobile device.
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2.1.3 Hybrid Architecture

The mobile device is not only an input and presentation device, but also

performs a portion of the processing, usually to reduce the size of data

sent through the network to the remote server. This allows to overcome

the issues of the remote server only architecture of Sect. 2.1.2.

Figure 2.5: Hybrid architecture.

Most mobile vision applications, such as Mobile Visual Recognition

applications (Sect. 1.2.1), conform to this architecture (Fig. 2.5). The

balance obtained by splitting the computation between the mobile device

and the server offers many advantages. Computationally intense task may

be demanded to the remote server, without incurring in severe network

latency thanks to the on-device data size reduction. Applications have also

access to the large amount of data made available by the server.
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However, this solution presents also some drawbacks. Because of the

processing on the device, the optimization techniques presented in Sect.

2.2 must be taken into account. Also, since the network is an integral part

of the architecture, network connectivity should always be present in order

to guarantee the correct application functioning.

2.1.4 Mobile Network Architecture

The mobile device, still connected to a remote server, may also be connected

to other mobile devices, as depicted in Fig. 2.6.

Figure 2.6: Mobile network architecture.

With this architectural solution, mobile devices can interact in a coop-

erative network. They can exchange data and information with the other

nodes of the network to supply to missing data. Each device is also able

to interact with a remote server to receive information not available from
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the other connected devices.

This architecture may be very useful when the connection to the server

is limited or not reliable. When a large amount of data must be retrieved

on the remote server and is needed by all the members of the cooperative

network, each device can download a different portion of the data, and

then retrieve the remaining data from the other network devices. Another

advantage is that each mobile device can produce a portion of data, which

can than be collectively used to create an aggregated information. Struc-

ture from motion (Sect. 1.2.5.4) or panorama building application (Sect.

1.2.5.3) may benefit from the collection of simultaneous data from different

viewpoints.

Nevertheless, there is the need of protocols to create and manage the

network, mutual trust among devices is mandatory when sharing data,

and potential battery power consumption issues may occur due to multiple

active connections.

2.2 Optimization

2.2.1 Optimization of the Computation

The computational power is increasing very fast, but due to factors like

limited battery life and overheating computationally intense task should

be avoided. What can be computed in real-time on a desktop computer

is unlikely to run at the same speed on a mobile device. How to enable

standard computer vision task to be executed in acceptable time on a

mobile device has been an issue tackled largely in literature.

First, faster or memory efficient descriptors can be used to make al-

gorithm based on such descriptors feasible on the mobile device (2.2.1.1).

Second, algorithms could be re-designed so to achieve the same results

with less computational effort(2.2.1.2). Last, low level code optimization
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may guarantee very efficient algorithms on dedicated hardware, like GPU

(2.2.1.3).

2.2.1.1 Optimization of the Descriptor

Most of computer vision methods rely on local descriptors. However their

computation is not always feasible in real time on the mobile device due to

its hardware limitations. Improving the efficiency of descriptors, in terms

of computational cost and memory requirements allows to achieve a major

speed-up in the whole method.

Running a SURF (Speeded Up Robust Features) detector on mobile

devices remains too slow to support emerging applications such as mobile

augmented reality. Porting it without adapting the algorithm to account

for mobile platform limitations could result in significant run time degra-

dation. In [190], two mismatches between the SURF algorithm and the

mobile hardware that cause substantial slow-down of the point detection

process are identified. First, a mismatch between the data access pattern

and the small cache size. Second, a mismatch between the huge amount of

branches and high pipeline hazard penalty. Two techniques are proposed

to address these issues: tiled SURF and gradient moment based orienta-

tion assignment. Tiled SURF improves data locality and greatly reduces

memory traffic. A method for determining the optimal tile sizes, named

content-aware tiling, is designed to minimize runtime and maximize de-

tection accuracy. To avoid the penalties caused by pipeline hazards, the

original orientation operator is replaced with branching-free gradient mo-

ment computations.

An efficient implementation of the SURF descriptors has also been pro-

posed in [33]. Several improvements to the basic algorithm to reduce mem-

ory requirements are implemented to enable the execution of the feature

detector on mobile phones. A new sampling schema is proposed, and float-

ing points computations are reduced by using a lookup table for the Gaus-
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sian filter and by approximating the arctan function. To speed up the

re-sampling process, mipmaps are pre-computed using the round-up algo-

rithm. The resulting algorithm is on average 30% faster and uses half of

the memory.

An approach based on heavily modified SIFT descriptors enables nat-

ural feature tracking from textured planar objects at frame rates up to 20

Hz [178, 179]. The original SIFT algorithm uses Difference-of-Gaussians

(DoG) to perform a scale-space search that not only detects features but

also estimates their scale. Although several faster implementations based

on the original definition have been proposed, the approach is inherently

resource intensive and therefore not suitable for real-time execution on mo-

bile phones. To achieve this, the DoG corner detection has been replaced

with the FAST corner detector, with the non-maxima suppression that is

known to be really fast, but still provides a high repeatability. The mod-

ified descriptor results to be not scale invariant, but scale is taken into

account providing in the descriptor database features from all meaningful

scales. By describing the same feature multiple times over various scales,

memory is traded for speed to avoid a CPU-intensive scale-space search.

A novel highly efficient, robust and distinctive binary descriptor called

Local Difference Binary (LDB) is proposed in [189] for augmented reality

applications. LDB directly computes a binary string for an image patch

using simple intensity and gradient difference tests on pairwise grid cells

within the patch. A multiple gridding strategy is applied to capture the

distinct patterns of the patch at different spatial granularities. The final

descriptor is obtained concatenating a subset of highly-variant and distinc-

tive bits. Compared with the state-of-the-art binary descriptor BRIEF,

LDB has similar computational efficiency, achieves a grater accuracy and

allow for a 5 times faster matching.
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2.2.1.2 Optimization of the Algorithm

Efficient algorithms and implementation choices allow to perform a given

task with less computational effort. In the literature, a lot of attention is

dedicated to the task of face detection.

In [133] is discusses how to achieve real-time software-based implemen-

tation of The Viola-Jones object detection algorithm on mobile devices

that have relatively limited processing and memory capabilities. The first

optimization regards data reduction, by reducing the size of the images, by

shifting sub-images by a wider range, by increasing the scale size step and

by limiting the face dimension. The second uses key-frames and narrowed

detection area to limit the amount of search. Fixed point computation

guarantees a major speedup in the tree navigation. Similar optimization

techniques have been adopted also in [131], even if this work is not based

on the Viola-Jones algorithm, but on skin color detection and face shape

recognition. They propose several lookup tables for computing the Gaus-

sian Mixture Model for each pixel for the skin detection, in order to consider

different lighting conditions.

In [161] is proposed a novel feature optimization method to build a cas-

cade Adaboost face detector for real-time applications on mobile phones.

AdaBoost algorithm selects a set of features and combines them into a final

strong classifier. However, conventional AdaBoost is a sequential forward

search procedure using the greedy selection strategy, and thus redundancy

cannot be avoided. The design of embedded systems must find a good

trade-off between performances and code size due to the limited amount

of resource available in a mobile phone. To address this issue, a novel Ge-

netic Algorithm post optimization procedure for a given boosted classifier

is proposed, which leads to shorter final classifiers and a speedup of clas-

sification. This GA-optimization algorithm results to be very suitable for

building application of embedded and resource-limit device.

For close range face detection, in [134] is proposed to limit the number
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of scanning windows. Also, the covariance matrices of the face/eye class are

less reliable compared to the covariance matrices of the non-face/non-eye

class for close range faces. Therefore, a larger weight should be assigned to

the face/eye class when building the covariance mixture matrix to remove

the unreliable dimensions. The proposed cascade subspace face/eye detec-

tor utilizes the focus-attention strategy in all aspects and detects eyes at

precise locations at an acceptable speed.

Real-time face verification on a mobile phone is achieved using com-

putationally efficient Minimum Average Correlation Energy Filters [115].

The Correlation Filters are optimized using a fast fixed-point implementa-

tion of 2D Fourier Transform. Also, an efficient algorithm is presented for

synthesizing these filters efficiently in order to minimize computation load

and making the system practical with real-time enrollment of users.

The paper presented in [39] focused on the challenging problem of learn-

ing a large number of samples sequentially within mobile devices in real-

time by presenting a real-time training algorithm for face detection related

applications. Face features are extracted using some local random bases

and then a sequential neural network is trained incrementally with these

features. This leads the possibility of training model parameters in rel-time

in mobile devices, and the method may be extended to other computer vi-

sion and pattern recognition techniques.

2.2.1.3 Dedicated Hardware

The performance of algorithms may be increased by recurring to dedicated

hardware. The capability of GPU on mobile devices opens a new era for

mobile computing and can enable many computationally demanding com-

puter vision algorithms on mobile devices [34, 47, 154].

An implementation of the SIFT descriptors that incorporates the pow-

erful graphics processing unit in mobile devices is described in [137]. By

methodically partitioning the computation, compressing the data for mem-
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ory transfers, and taking into account the unique challenges that arise out

of the mobile GPU, the proposed method is able to achieve a speedup of

4-7 times over an optimized CPU version. Additionally, the energy con-

sumption is reduced by 87% per image.

In [105] is described a face tracking approach that uses efficient gray-

scale invariant texture features, namely Local Binary Patterns, and boost-

ing. The GPU is used in the pre-processing and the feature extraction

phase. An hybrid CPU-GPU ray tracer is designed in [114] to provide a

realistic three-dimensional visualization on mobile devices. This ray tracer

exploits the availability of CPU and GPU architectures to fully support

reflection, refraction, hard shadows, and dynamic scenes. The GPU may

be also used in the context of building panorama images in the reconstruc-

tion computations [13]. Object recognition and match processing have

been hardware accelerated to achieve a 20 times speed-up in the context

of augmented reality in [95].

2.2.2 Optimization of Descriptor Size

In the mobile environment the size of data may represent a severe issue.

When the database is small, it can be stored on the phone and image

retrieval algorithms can be run locally. When the database is large, it has

to be placed on a remote server and retrieval algorithms are run remotely.

In each case, feature compression (Sect. 2.2.2.1) is key to decreasing the

amount of the data transmitted, and thus, reducing network latency. A

small descriptor (Sect. 2.2.2.2) also helps if the database is stored on the

mobile device. The smaller the descriptor, the more features can be stored

in limited memory.
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2.2.2.1 Compression Schema

Several compression schemes have been proposed to reduce the bit rate of

SIFT descriptors for computer vision applications [23]. In the context of

mobile vision, other methods have been proposed.

For mobile image retrieval, efficient data transmission may be achieved

by sending only the query features, which are composed by the descriptor

and the location within the image. The first is used to find candidate

matching images, while the second is used as a geometric consistency check.

In [168] is investigated how to compress the location information and how

lossy compression affects the geometric consistency check. The location

information is converted into a location histogram and a context-based

arithmetic coding with location refinement method is then proposed to

code the histogram. The proposed compression scheme achieves 12.5 times

rate reduction compared to the floating point representation.

Image retrieval pipelines are usually based on bag-of-words matching,

where the original order in which features are extracted from the image

is discarded. Consequently, a set of feature from a query image can be

transmitted in any of the m! possible orderings. A coding scheme based on

digital search trees [22, 29] reduces the size of a set of features by approx-

imately log2(m!). The Type Coding schema for compressing distributions

[21] is proposed as an improvement with respect to digital search trees.

Optimal Entropy Constrained Vector Quantization code-books allow to

perform as SIFT being 16 times smaller.

Typically, descriptors are extracted based solely on the visual content

of a query, and the location cues from the mobile end are rarely exploited.

In [88] is presented a Location Discriminative Vocabulary Coding (LDVC)

scheme, which achieves extremely low bit rate query transmission, discrim-

inative landmark description, as well as scalable descriptor delivery in a

unified framework. The first contribution is a compact and location dis-

criminative visual landmark descriptor, which is offline learned in two step.
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First, spectral clustering is adopted to segment a city map into distinct

geographical regions, where both visual and geographical similarities are

fused to optimize the partition of cityscale geo-tagged photos. Second, two

schemas to learn LDVC in each region are proposed: i) a Ranking Sensi-

tive PCA and ii) a Ranking Sensitive Vocabulary Boosting. Both schemes

embed location cues to learn a compact descriptor, which minimizes the

retrieval ranking loss by replacing the original high-dimensional signatures.

The second contribution is a location aware online vocabulary adaption. A

single vocabulary is stored in the mobile end, which is efficiently adapted

for a region specific LDVC coding once a mobile device enters a given

region.

Another example that exploits location information is [109]. A tempo-

rally coherent keypoint detector, and design efficient interframe predictive

coding techniques for canonical patches and keypoint locations are pro-

posed. The goal is to transmit each patch with as few bits as possible

by simply modifying a previously transmitted patch. This enables server-

based mobile augmented reality where a continuous stream of salient in-

formation, sufficient for image-based retrieval and localization, can be sent

over a wireless link at a low bit-rate. This technique achieves a similar

image matching performance at 1/15 of the bit-rate when compared to

detecting keypoints independently frame-by-frame.

The work described in [65] deals with the problem of city scale on-device

mobile visual location recognition. An efficient vector quantization strat-

egy is designed by combining the Transform Coding and Residual Vector

Quantization. The visual descriptors can then be compressed into only a

few bytes while providing reasonable searching accuracy. Another work in

this area by performing the feature quantization on the device and trans-

ferring compressed bag of words vectors to the remote server [149]. To cope

with the limited processing capabilities of mobile device, the quantization

of high dimensional feature descriptors has to be performed at very low
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complexity. To this end, the novel Multiple Hypothesis Vocabulary Tree

is proposed. The probability of assigning matching features descriptors to

the same visual words is increased by introducing an overlapping buffer

around the separating hyperplanes to allow for a soft quantization and an

adaptive clustering approach. This result in a 10 times faster query time

with respect to descriptors quantized using a k-means tree.

2.2.2.2 Low Size Descriptor

While a compression scheme allows to reduce the size of standard descrip-

tors, a better approach is to design a descriptor with compression in mind.

Of course, such a descriptor still has to be robust and highly discrimina-

tive at low bit rates. Ideally, it would permit descriptor comparisons in the

compressed domain for speedy feature matching. Further, training step

should be avoided so that the descriptor is not dependent on any specific

data set. Finally, the compression algorithm should have low complexity so

that it can be efficiently implemented on mobile devices. To meet all these

requirements simultaneously, the Compressed Histogram of Gradients [20]

has been proposed. It is built by using a histogram-of-gradient descrip-

tor and by explicitly exploiting the anisotropic statistics of the underlying

gradient distributions. This allows to apply quantization and compression

scheme that work well for distributions to produce compact descriptors,

that are 16 times shorter than standard SIFT.

In [25, 27, 28] is presented a new architecture for searching a large

database directly on a mobile device, which can provide numerous bene-

fits for network-independent, low-latency, and privacy-protected image re-

trieval. A key challenge for on-device retrieval is storing a large database in

the limited RAM of a mobile device. To address this challenge, a new com-

pact, discriminative image signature called the Residual Enhanced Visual

Vector (REVV) is developed. This is optimized for sets of local features

which are fast to extract on mobile devices. REVV outperforms existing
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compact database constructions in the mobile visual search setting and

attains similar retrieval accuracy in large-scale retrieval as a Vocabulary

Tree that uses 25 times more memory. Fast on-device search with REVV

enables the system to achieve latency around 1 second per query regardless

of external network conditions. The compactness of REVV allows it to also

function well as a low-bitrate signature that can be transmitted to or from

a remote server for an efficient expansion of the local database search when

required.

The work in [59] presents the i-SIFT descriptors, obtained by apply-

ing the Informative Feature Approach on SIFT descriptors. The i-SIFT

approach tackles three key bottlenecks in SIFT estimation: i-SIFT will

i) improve the recognition accuracy with respect to class membership, ii)

provide an entropy sensitive matching method to reject non-informative

outliers and more efficiently reject background, iii) obtain an informative

and sparse object representation, reducing the high dimensionality of the

SIFT keypoint descriptor and thin out the number of training keypoints

using posterior entropy thresholding.
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Chapter 3

Fast and Effective Ellipse

Detection on Mobile

Devices

One of the most important challenges in computer vision is to run computer

vision algorithm on mobile device. The porting of an algorithm to a mobile

device is more than a mere translation of the code or adaptation to a new

operating system. It usually require to carefully evaluate the design choices

of the algorithm, and, if necessary, optimize the code or design a brand new

lightweight algorithm.

Aside from the inherently slower hardware compared to desktop com-

puters, it is very important to obtain a real time response: the user expects

to interact with the application running the algorithm, and is not willing

to wait too long for it to finish.

If it is possible to speedup computationally intense algorithms in a tra-

ditional environment, through hardware enhancement or by leveraging on
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some kind of parallelism, it is not feasible to adopt the same solutions on

mobile device. The optimization must carefully optimize computationally

intense procedures, usually recurring to GPU computational capabilities, or

design new procedures to accomplish the same task with less computation

or memory requirements. In order to guarantee real time response, usu-

ally newly designed procedures rely on heuristic or approximated results.

Particular attention must be paid in provide at least the same qualitative

results as the original algorithm.

Ellipse detection is a problem which falls in this category. The estima-

tion of the 5 parameters of the elliptic curve is very computationally intense

and memory greedy. Even if ellipse detection has a long tradition in pattern

recognition, an efficient solution is still missing. Several papers addressed

ellipse detection as a first step for several computer vision applications, but

most of the proposed solutions are too slow to be applied in real time on

large images or with limited hardware resources. From the early algorithms

based on the Hough transform several improvements have been proposed,

in order to minimize computation or memory requirements, or to provide

more accurate detection. However, despite some attempts to speed up the

computation by leveraging on the GPU or by provide a new formulation,

ellipse detection is still not feasible in real time, while achieving the same

detection accuracy.

In this chapter a novel algorithm specifically designed to run on a mobile

device for fast and effective ellipse detection is proposed. Thorough exper-

iments on synthetic data and large and challenging real images datasets

show that the proposed algorithms outperforms state of the art methods,

being as much as, or even more, accurate and running in real time even

on a mobile device. The proposed algorithm relies on an innovative selec-

tion strategy of arcs which are candidate to form ellipses and on the use

of Hough transform to estimate parameters in a decomposed space. The

final aim of this solution is to represent a building block for new generation
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of smart-phone applications which need fast and accurate ellipse detection

also with limited computational resources.

3.1 Introduction to Ellipse Detection

The recognition of geometrical shapes formally described by a mathemat-

ical model has a long tradition in pattern recognition. The attempts of

finding new efficient solutions for detecting parametric shapes in noisy and

cluttered images resulted in successful algorithms for lines and circles. They

are based on accumulations / voting procedures (e.g. Hough–based meth-

ods), interpolation, curve fitting, and so on.

Similarly, the detection of ellipses has been often addressed in the past,

although ellipses are more complex parametric curves due to the larger

number of parameters. Ellipse detection is the starting point for many

computer vision applications, since elliptical shapes are very common in

nature and in hand-made objects. For instance, ellipse detection can be

used in wheels detection [40], road sign detection and classification [156],

object segmentation for industrial applications [163], automatic segmenta-

tion of cells from microscope imagery [163], pupil/eye tracking [158], and

many more. With the advent of powerful mobile technologies for every-

one and the spreading of new generations of smart-phones, the request

of new applications running on these devices increased enormously. De-

spite their limitations, mobile devices are now powerful enough to enable

on-board processing of complex data, including images and videos, allow-

ing unprecedented capabilities in terms of applications. As a consequence,

the scientific community has recently found large interest to image/video

processing on smart-phones, often called embedded or mobile vision [80].

Possible applications range from real time object/person tracking [180],

content-based retrieval of framed scene with markerless object recognition

[53], face detection [132] (and possibly recognition), blind people aid for
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movement [67], etc.. As such, even though the advances in technology and

multi-core processors will allow ever faster computation, keeping ellipse de-

tection fast has the merit of allowing ever more complex computer vision

applications.

Consequently, in this paper we present a new solution for very fast

ellipse detection in real images. We choose arcs belonging to the same

ellipse very quickly and very reliably by working at arc-level, instead of

pixel-level, and by relying an innovative selection strategy. The ellipse

center is then estimated exploiting the property of the midpoints of parallel

chords, and remaining parameters are estimated accumulating votes in a

decomposed parameter space. The good trade-off between efficiency (in

the order of 10 ms per image) and accuracy makes this approach a proper

candidate for implementation on mobile devices.

3.2 Related Works

The importance of ellipse detection in image processing is witnessed by the

large amount of works present in the literature.

Most of the methods for ellipse detection rely on the Hough Transform

- HT (or its variants) to estimate the parameters. Since an ellipse is analyt-

ically defined by five parameters, these methods try to overcome the main

problem of a direct application of standard HT, which is a 5D accumula-

tor. McLaughlin et al.[112] rely on the randomized version of HT (RHT)

and aim at reducing the memory usage using proper data structures. Lu

et al.[107] iteratively focus only on the points with higher probability to

belong to the a single ellipse, thus reducing the parameter space to five 1D

accumulators. A very common and memory efficient approach has been

proposed by Xie et al.[183] and Chia et al.[37], where four parameters

are geometrically computed, estimating in a 1D accumulator the last one.

Basca et al.[8] speeded up the method of Xie et al.using RHT, thus consid-
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ering only a small random subset of the initial pairs of points. HT-based

methods greatly suffer from noise (which includes both background noise

and points belonging to different ellipses) which “dirties” the accumula-

tor. Also, they are computationally intense and rather slow because of the

voting procedure on a huge number of edge points combinations.

Instead of reducing the space dimensionality by means of strong as-

sumptions, Aguado et al.[2] propose a decomposition of the parameter

space: parameters are estimated in consecutive steps, leveraging previ-

ous results. Zhang et al.[194] avoid unnecessary computations for those

combinations of points that can not lie to the same ellipse boundary by

carefully selecting starting edge points.

Other approaches rely more heavily on the symmetry between the points

on the boundary. Some methods [79, 98, 191] first find and analyze sym-

metry axes, estimating parameters using the HT, others [182] instead rely

on symmetric relationships among boundary points and then adopt a least

square fitting method.

All aforementioned methods start the estimation from sets of points,

eventually selected according to some kind of geometric constraints. How-

ever, when considered unrelated to its neighbors, an edge pixel does not

contribute significantly to a correct ellipse detection. A better characteri-

zation could be achieved using sets of connected edge pixels, i.e. arcs, which

can be generated by linking short straight lines [36, 40, 90, 101, 108], split-

ting the edge contour [72, 104, 116, 126], or validating connected edge

pixels [129]. The ellipses parameters are obtained using ellipse fitting

methods [51, 127] on a reduced set of arcs, which are obtained grouping

arcs according to their relative position and constraints on the curvature

[40, 90, 101, 116, 126], or ellipse fitting error [36, 72, 104, 108, 129].

Most of the works present in the literature claim high detection ac-

curacy. However, these results are validated mostly on a few synthetic

images, and rarely on more than 10 real images, except [40, 126]. The exe-
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cution time for methods that claim to be fast or real-time [40, 79, 90, 101,

108, 116, 194] has been computed on few images as well, and may increase

significantly on different kind of images. In this paper we present a novel

method (preliminary works can be found in [54, 55] for ellipse detection

that results to be much faster than other state-of-the-art methods, while

achieving similar or even better detection performance. We also present

two annotated datasets (available on-line) of real images on which we tested

both fast and effective methods for a fair evaluation.

3.3 Method Description

We present a novel algorithm for fast ellipse detection designed for real-

time performance on real world images. It first selects combination of arcs

belonging to the same ellipse and then estimates its parameters via the

Hough Transform in a decomposed parameter space. Let us first describe

the overall procedure, as outlined in Fig. 3.1.

Arc Extraction
(Sect. 3.1)

Post-Processing
(Sect. 3.3)

Ellipse Detection
(Sect. 3.2)

Arc Detection

Arc Convexity 
Classification

Arc Selection

Parameter 
Estimation Clustering

Validation
Edge Detection

Figure 3.1: Flowchart of the algorithm.

As first step arcs are extracted from the edge mask and classified in four

classes according to their convexity. We classify edge pixels in two main

directions according to their gradient phase and group 8-connected edge

pixels in the same direction class to form arcs. Their quality is also im-
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proved removing short or straight arcs. Arcs are then classified according to

their convexity, computed in a robust and efficient way. By combining the

two classifications it is possible to assign each arc to a quadrant, in analogy

with the final configuration in a Cartesian plane as depicted in Fig. 3.2(c).

The method is tailored for the detection of visible ellipses, defined as having

the boundary partially visible in at least three quadrants. Consequently

we search for combinations of three arcs, called triplets, each belonging

to a different quadrant. To avoid the combinatorial explosion, we select

only triplets formed by arcs that satisfy three criteria based on convexity,

mutual position and same pairwise estimated center. A selected triplet

forms a candidate ellipse and, already knowing its center, we estimate the

remaining three parameters in a decomposed Hough space requiring three

1D accumulators. Candidate ellipses are then validated according to the

fitness of the estimation with the actual edge pixels. Since an ellipse may

be supported by different triplets, multiple detections with slightly differ-

ent parameters can be generated. We deal with multiple detections using

a fast clustering procedure in the parameter space.

The following subsections will describe the different phases of the algo-

rithm in detail.

3.3.1 Arc Extraction

In this phase we extract arcs from the input image, first by detecting edge

points, then grouping them in arcs, and finally classifying arcs based on

edge direction and convexity.

3.3.1.1 Edge Detection

Like most, also the proposed method begins analyzing the edge points,

where every edge point ei = (xi, yi, θi) is defined by its position xi, yi and

the phase of the gradient θi. An edge detector is applied on the input
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image in order to obtain a set of edge points. We chose the Canny edge

detector [18] with automatic thresholding1 because of its properties of good

detection, good localization and minimal response. In the detected edge

points the gradient phase θi is obtained through the Sobel operator (already

computed in the Canny algorithm).

3.3.1.2 Arc Detection

Every edge point ei is classified by the function D : ei → (+,−) into two

main directions according to θi (Fig. 3.2(a)). We do not require accurate

values of θi, and the classification D is simply done by checking the signs

of the Sobel derivatives dx and dy:

D(ei) = sign(tan(θi)) = sign(dx) · sign(dy) (3.1)

We discard edge points lying on the classification boundary, i.e. with hori-

zontal (dy = 0) or vertical (dx = 0) gradient direction. An arc αk is formed

by linking connected edge points of the same direction class:

αk = {(ek1 , . . . , ekNk) : D(eki ) = D(ekj ),∀i, j ∧ Connected
(
eki−1, e

k
i

)
} (3.2)

where Nk represents the number of edge points belonging to the arc αk

and Connected
(
eki−1, e

k
i

)
verifies the 8-connectivity of two consecutive edge

points.

By extension, we define the arc direction D(αk) as the direction class

of its points. We also define Lk ≡ ek1 as the left end point of αk, Rk ≡ ekNk
as the right one, Mk ≡ ekdNk/2e as the middle edge point, BBk as the

bounding box having Lk and Rk as non adjacent vertices, and OBBk as

the oriented minimum area rectangle [58] enclosing all edge points eki ∈ αk.

Some arcs αk are not salient enough to characterize an ellipse and are

1https://gist.github.com/egonSchiele/756833
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Figure 3.2: Functions D,C,Q. See the text for further details on these functions.

Figure 3.3: Convexity classification.

readily removed: very short arcs (Nk < Thlength) that are mainly due to

noise and arcs containing mostly collinear points (shortest side of OBBk <

Thobb), thus not belonging to the curved boundary of an ellipse. The values

of these parameters are investigated in Sect. 3.4.2.

3.3.1.3 Arc Convexity Classification

Every arc αk is classified by the function C : αk → (+,−) as having the

convexity upward (+) or downward (−) (Fig. 3.2(b)). By construction, all

the points eki ∈ αk lie inside BBk, and divide it in two regions: we call Uk

the region under the arc, and Ok the region over it (Fig. 3.3) computed

with Alg. 1. We find the convexity by comparing the areas of Uk and Ok:
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Algorithm 1 Get the convexity C (α) of the arc α, when D (α) = +. Swap
area O and area U when D (α) = −.

function GetConvexity(Point α[])
N ← α.length()
left← α[0]
right← α[N − 1]
current x← left.x
area O ← 0
for i = 1→ N do

if α[i].x 6= current x then
area O ← area O + |α[i].y − left.y|
current x← α[i].x

end if
end for
area BB ← |right.x− left.x| ∗ |right.y − left.y|
area U ← area BB −N − area O
if area U > area O then

return +
end if
if area U < area O then

return −
end if
if area U = area O then

discard the arc
end if

end function

C(αk) =

+ , if Area(Uk) > Area(Ok)

− , if Area(Uk) < Area(Ok)
(3.3)

Equal areas Area(Uk) and Area(Ok) implies that a meaningful convexity

can not be determined (as in the case of inflexion points) and therefore the

arc is discarded.

Given the functions D and C, for every arc αk we can define the function
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Q : αk → {I, II, III, IV}, which maps αk to its quadrant (Fig. 3.2(c)):

Q(αk) =



I , if 〈D(αk),C(αk)〉 = 〈+,+〉

II , if 〈D(αk),C(αk)〉 = 〈−,+〉

III , if 〈D(αk),C(αk)〉 = 〈+,−〉

IV , if 〈D(αk),C(αk)〉 = 〈−,−〉

(3.4)

The chosen number of classes is four because it is the lowest number that

allows to compute the convexity using Alg. 1, thus reducing the number of

triplets combination and allowing to generate edge with enough curvature.

In order to better understand the arc detection phase, Fig. 3.4 reports

a toy example on a synthetic image where the same color corresponds to

the same direction or quadrant.

(a) Edge points. (b) Direction classifi-
cation.

(c) Removal of short
and straight arcs.

(d) Quadrants classi-
fication

Figure 3.4: Toy example of arc detection. Best viewed in colors.

3.3.2 Ellipse Detection

We define a candidate ellipse Ei as a triplet, i.e. a set of three arcs τabc =

(αa, αb, αc) that satisfy a set of criteria and are, thus, likely to belong to

the same ellipse. The parameters of each Ei are then computed in a HT

framework.
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3.3.2.1 Arc Selection Strategy

Given Nα as the number of arcs in the image, the set T0 of all possible

triplets will contain
(
Nα
3

)
elements. This number could be extremely high

and most of triplets are composed by arcs that do not belong to the same

ellipse: a large amount of computation will be wasted to estimate param-

eters for false detections. The goal of the selection strategy is to generate

a subset of triplets containing only triplets τabc whose arcs belong to the

same ellipse boundary.

We define a pair of arcs as pab =
(
αa, αb

)
. Thus, a triplet can also

be defined as two pairs sharing an arc: τabc =
{(
pab, pdc

)
|αb ≡ αd

}
. The

selection strategy first selects pairs whose arcs satisfy constraints on (i)

convexity and (ii) mutual position. Then it computes the ellipse center

assuming that both arcs lie on the same ellipse boundary. Finally, it finds

a candidate ellipse as a triplet composed by two pairs that (iii) imply the

same center.

The first constraint on convexity ensures that each pair is composed by

arcs in subsequent quadrants (in counterclockwise order):

A(pab) =

> , if
(
Q(αa),Q(αb)

)
∈ {(I, II), (II, III), (III, IV), (IV, I)}

⊥ , otherwise

(3.5)

where “>”and “⊥” stand respectively for true and false. The subset T1 ⊆
T0 is composed only of triplets whose pairs satisfy the first constraint:

τabc ∈ T1 ⇐⇒
(
τabc ∈ T0

)
∧A(pab) ∧A(pdc) (3.6)

The second constraint on mutual position discards pairs whose arcs are

incoherent with the same elliptic shape. It is defined, with reference to Fig.
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3.5, by the boolean function:

M(pab) =



> , if
(
Q(αa),Q(αb)

)
≡ (I, II) ∧

(
La.x & Rb.x

)
> , if

(
Q(αa),Q(αb)

)
≡ (II, III) ∧

(
La.y & Lb.y

)
> , if

(
Q(αa),Q(αb)

)
≡ (III, IV ) ∧

(
Ra.x . Lb.x

)
> , if

(
Q(αa),Q(αb)

)
≡ (IV, I) ∧

(
Ra.y . Rb.x

)
⊥ , otherwise

(3.7)

where L and R are the leftmost and rightmost extrema of the arc, re-

spectively, as defined in Sect. 3.3.1.2 and the inequalities & and . are

defined with a tolerance Thpos, investigated in Sect. 3.4.2. The subset

T2 ⊆ T1 contains only triplets whose pairs respect the first and the second

constraints:

τabc ∈ T2 ⇐⇒
(
τabc ∈ T1

)
∧M(pab) ∧M(pdc) (3.8)

+

+ -
- +

- -
+ I

III IV

II

L

L

L

L

R

R

R

R

I

III IV

II

Figure 3.5: Mutual Position.

The third constraint verifies whether the three arcs αa, αb, αc lie on the

boundary of the same ellipse or, equivalently, that the centers Cab, Cdc
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implied by the pairs pab, pdc of the triplet τabc are closer than a tolerance

Thcenters (see Sect. 3.4.2):

H(τabc) =

> , if Cab ≈ Cdc

⊥ , otherwise
(3.9)

The subset T3 ⊆ T2 contains only triplets whose pairs satisfy all constraints:

τabc ∈ T3 ⇐⇒
(
τabc ∈ T2

)
∧H(τabc) (3.10)

Each triplet τabci ∈ T3 is a candidate ellipse Ei.

First and second constraints are very fast to compute, and are still quite

discriminative. The third is more complex, but is computed on a narrower

set, and greatly improves the quality of candidate ellipses. More details on

the performance of the selection strategy are available in Sect. 3.5.6.

3.3.2.2 Center Estimation

We estimate the ellipse center Cab for a given arc pair pab by means of a

well known geometric property of ellipses: the midpoints of parallel chords

are collinear [191], as shown in Fig. 3.6(a). Thus, the intersection of two

lines connecting the midpoints of two different sets of parallel chords is the

ellipse center.

In order to find the center we need to generate two sets of parallel chords

which are not parallel with each other. For clarity, we illustrate the proce-

dure for the pair pab with reference to Fig. 3.6(b). We generate two sets of

Ns chords, parallel respectively to the lines LaM b and RbMa (being M the

midpoint of the arcs as defined in Sect. 3.3.1.2), having slope rab1 , r
ab
2 . The

influence of the parameter Ns on the overall performance is investigated

in Sect. 3.4.2. We call Hab
1 , Hab

2 the two sets of their midpoints. The two

lines lab1 and lab2 intersecting the points in Hab
1 and Hab

2 will intersect in the
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(a) The midpoints of a set of
parallel chords and its center are
collinear.
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(b) Geometric features to compute the center.

Figure 3.6: Method for estimating the ellipse center.

center Cab. However, especially in real images, the points in Hab
1 , Hab

2 are

affected by noise and are not perfectly collinear, and the lines lab1 , l
ab
2 have

to be robustly estimated.

We estimate the slopes tab1 , t
ab
2 of the lines lab1 , l

ab
2 using a fast variant of

the robust Theil-Sen estimator (Alg. 2) [111] as the medians of the two sets

of computed slopes Sab1 , S
ab
2 . We also generate the points H̃ab

1 , H̃ab
2 whose

coordinates are the medians of the coordinates of the points in Hab
1 , Hab

2 .

We choose the median approach among other statistical measures to be

consistent with the strategy of the Theil-Sen estimator, which adopts the

median approach for its robustness to outliers.

Thus, given an arc pair pab, the coordinates of the center Cab can be
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Algorithm 2 Get the slope of the line best fitting the midpoints of parallel
chords.

function GetSlope(Point midpoints[])
middle← midpoints.length()/2
for i = 0→ middle do

x1← midpoints[i].x
y1← midpoints[i].y
x2← midpoints[middle+ 1 + i].x
y2← midpoints[middle+ 1 + i].y
slope← (y2− y1)/(x2− x1)
S[i]← slope

end for
return Median(S)

end function

computed as follows (see Fig. 3.6(b)) (superscripts omitted for clarity):

C.x =
H̃2.y − t2H̃2.x− H̃1.y + t1H̃1.x

t2 − t1
(3.11)

C.y =
t1H̃2.y − t2H̃1.y + t1t2(H̃1.x− H̃2.x)

t2 − t1
(3.12)

We say that the centers Cab, Cdc of two pairs pab, pdc coincide and satisfy

the third constraint of the selection strategy (Eq. (3.9)) if they lie within a

given distance Thcenters (see Sect. 3.4.2) which accounts for image noise.

Following the toy example reported in Fig. 3.4, Fig. 3.7 shows how the

selection strategy works for the arc pointed by the arrow.

3.3.2.3 Parameter Estimation

The ellipse parameters are estimated only for those triplets τabc =
(
pab, pdc

)
that satisfy the three selection strategy constraints. Since, by definition,

the lines l1, l2 of the two pairs pab, pdc should intersect the ellipse center,

their pairwise intersection should always identify the center. However in
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(a) αb ≡ αd is the
pointed arc. Find αa

and αc.

(b) Constraint on
convexity.

(c) Constraint on
mutual position.

(d) Constraint on
centers.

Figure 3.7: Toy example of selection strategy. Best viewed in colors.

noisy images this is rarely true. For a better estimation, we consider the

ellipse center (xc, yc) as the median of the coordinates of a set of 7 points,

consisting of the two centers Cab, Cdc, their mean, and the other 4 intersec-

tion of the estimated lines {lab1 ∩ldc1 , lab1 ∩ldc2 , lab2 ∩ldc1 , lab2 ∩ldc2 } as represented

by gray points in Fig. 3.8.

Figure 3.8: Estimated center of the ellipse.

In order to find the remaining parameters, the parameter space is de-

composed as described in [2] in semi–axes ratio N = B/A and orientation

ρ. After the derivation of [2, 48, 194] the values of N and ρ are computed
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(αa, αb) (αd, αc)
q1 q2 q3 q4

rab1 Sab1 [s] ,∀s rdc1 Sdc1 [s] ,∀s
rab1 Sab1 [s] ,∀s rdc2 Sdc2 [s] ,∀s
rab2 Sab2 [s] ,∀s rdc2 Sdc2 [s] ,∀s
rab2 Sab2 [s] ,∀s rdc1 Sdc1 [s] ,∀s

Table 3.1: Values to be assigned to q1, q2, q3, q4 to estimate N and ρ.

as:

N =

N+ if N+ ≤ 1

1/N+ otherwise
(3.13)

ρ =

arctan (K+) if N+ ≤ 1

arctan (K+) + π
2 otherwise

(3.14)

where:

γ = q1q2 − q3q4 (3.15)

β = (q3q4 + 1)(q1 + q2)− (q1q2 + 1)(q3 + q4) (3.16)

K+ =
−β +

√
β2 + 4γ2

2γ
(3.17)

N+ =

√
(q1 −K+) (q2 −K+)

(1 + q1K+) (1 + q2K+)
(3.18)

One vote is accumulated for each combination of the parameters q1, q2, q3, q4,

as reported by row in Table 3.1. Setting the values of q1, q3 to the slope of

the parallel chords, we vary the values of q2, q4 with the slope of all lines

computed by the Theil-Sen estimator (Alg. 2). The values of N and ρ are

then the highest peaks in the two 1D accumulators.
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Given the values N and ρ, the value of the major semi–axis A is:

A = Ax/ cos (ρ) (3.19)

where:

x0 =
(xi − xc) + (yi − yc)K√

K2 + 1
(3.20)

y0 =
−(xi − xc)K + (yi − yc)√

K2 + 1
(3.21)

Ax =

√
x20N

2 + y20
N2 (K2 + 1)

(3.22)

The value of A is estimated in a 1D accumulator considering as (xi, yi)

every edge point ei of the three arcs αa, αb, αc, and taking the highest

peak. The value of the last parameter, minor semi–axis B, is then:

B = A ·N (3.23)

3.3.3 Post–Processing

The selection strategy defines three necessary, but not sufficient, conditions

for the detection of an ellipse. Candidate ellipses must then be validated

to remove false detections. Also, multiple triplets may be found on the

boundary of the same ellipse, generating multiple detections of the same

ellipse which need to be merged. Since the number of candidate ellipses

is much less than the number of arcs, merging multiple detections is more

efficient than finding all the arcs lying on the boundary of a same ellipse

at an early stage.
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3.3.3.1 Validation

A quality measure is assigned to each candidate ellipse Ei. Recalling that

we can get the position of a point (xi, yi) with respect to the boundary of

Ei by means of the ellipse equation:

f(xi, yi,Ei) =


= 1 , if (xi, yi) is on the boundary of Ei

> 1 , if (xi, yi) is outside the boundary of Ei

< 1 , if (xi, yi) is inside the boundary of Ei

(3.24)

we can define the set B = {(xi, yi) : |f(xi, yi,Ei)− 1| < 0.1} that contains

the points that are close to the boundary. The score σ ∈ [0, 1] summarizes

how well the points of the three arcs composing Ei fit the boundary of the

estimated ellipse:

σ =
|B|

|αa|+ |αb|+ |αc|
(3.25)

A candidate ellipse Ei with σ > Thscore is considered as valid, otherwise

as a false detection and is discarded.

3.3.3.2 Clustering

Multiple valid detections of the same ellipse are clustered by adopting a

variant of the approach described in [128], which allows to assess the sim-

ilarity of two ellipses Ei,Ej comparing the distances between centers (eq.
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(3.26)), axes (eq. (3.27) and (3.28)), and rotation (eq. (3.29)) separately:

δc =
√

(Ei.xc − Ej .xc)2 + (Ei.yc − Ej .yc)2 < min (Ei.B,Ej .B)× 0.1

(3.26)

δa = (|Ei.A− Ej .A|/max(Ei.A,Ej .A)) < 0.1 (3.27)

δb = (|Ei.B − Ej .B|/min(Ei.B,Ej .B)) < 0.1 (3.28)

δρ =


∠(Ei.ρ−Ej .ρ)

π < 0.1 , if
(

Ei.B
Ei.A

< 0.9
)
∧
(

Ej .B
Ej .A

< 0.9
)

0 , otherwise
(3.29)

Ellipses Ei and Ej are considered as equivalent according to the function

∆ : (Ei,Ej)→ (>,⊥):

∆ (Ei,Ej) =
∧

(δc, δa, δb, δρ) (3.30)

All valid ellipses are ordered by decreasing score and compared one

by one with the center of each cluster by means of the function ∆. We

consider the highest score ellipse as the center of a given cluster. If the

current ellipse can not be assigned (i.e. is not equivalent) to any cluster, it

becomes the center of a new cluster. The parameters are set according to

[128].

3.4 Discussion on the method

This section summarizes the novel contributions of the proposed method,

as well as the differences with other methods, and presents a thorough

discussion on its parameters are presented.
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3.4.1 Novelty and Comparison

Arc generation In the arc detection step (Sect. 3.3.1.2), the coarse

gradient direction is computed by means of the Sobel derivatives. Other

approaches, such as the Fast Line Extraction (FLE) of Kim et al.[91], ap-

proximate curved lines with short lines, and compute the gradient direction

from the relationship between their starting and ending points. We com-

pared the gradient computed using Sobel derivatives and FLE on the same

data as in [91], i.e. various ellipses which have an axis ranging from 20 to

100 pixels, by fixing the other axis at 100 pixels. Figure 3.9 shows the er-

ror between the two methods and the direction mathematically computed.

Both the average and the maximum errors of our method are smaller than

FLE. A more challenging test is reported in Tab. 3.2, where, among oth-

ers, we show the performance on real images of our method and its variant

that computes the direction of the gradient relying on FLE, namely [91]

+ Ours. These results show that the use Sobel derivatives is both efficient

and accurate enough.
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Figure 3.9: The maximum and average error of our method and Fast Line Ex-
traction [91].
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Arc detection Arcs are detected by labeling connected edge points within

the same direction class, avoiding time-demanding refinements such as the

search for inflexion points or sharp turn [116, 126], or junction points

[72, 104]. On one hand, this procedure will affect the performances in

synthetic datasets explicitly designed to test the robustness of algorithm

in particular scenarios, as reported in Sect. 3.5.4. On the other hand,

the simplicity of the algorithm allows to achieve in real–time (in the order

of milliseconds) state-of-the-art results (or even better) on real images, as

confirmed by the experiments reported in Sect. 3.5.5.

Convexity The convexity is computed by counting the number of pixels

under the arc. Unlike the method of Zhang et al.[194], this algorithm

(Alg. 1) is robust to thick edges and do not need angle estimation. Other

methods to compute convexity can not be applied: the method of Guil et

al.[68] is suitable only for concentric ellipses, while the method of Prasad.

et al.[126] computes the convexity only in relation with another arc.

Selection strategy constraints There are several works in the litera-

ture that adopt criteria to reduce the search space. However, we present a

new set of efficient and effective criteria: (i) straight arcs are removed by

thresholding the shortest side of their oriented bounding box; (ii) arcs are

selected according to their convexity at arc level, rather than edge point

level as in [194]; arcs are also selected according to their (iii) mutual posi-

tion and (iv) implied center, without the need to compute a search region

as in [126] or relying on ellipse fitting algorithms to find the center first

[101].

Center computation The ellipse center is computed exploiting the prop-

erty of the midpoints of parallel chords [191]. It does not require angle

estimations and is thus well suited for real world images, where the edges

and gradient directions may be very noisy. This property has been already
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exploited in [19, 79, 191] to compute the center, first by finding symmet-

ric points through horizontal and vertical scans in the image, and then by

computing the pairwise intersection of the symmetric axes estimated via

the HT. The proposed method presents several improvements: (i) parallel

chords are not bounded to be horizontal or vertical; (ii) the procedure is

performed on pair of arcs instead of the whole image, thus (iii) the two

symmetric axes are computed by a simple line estimator, and (iv) there is

only one intersection, i.e. the center. The center may be computed also re-

lying on other methods, which however have some drawbacks for real time

processing of real images. The property of the tangents [150, 193] requires

accurate edge gradient estimation. RANSAC [108] is robust to outliers but

is not guaranteed to find the optimal solution or to converge within a given

time. Circle fitting [40, 90] or ellipse fitting [36, 72, 101, 104, 116, 126, 129]

methods are dependent on the amount of noise.

Parameter Estimation The ellipse parameters are estimated as soon as

a valid triplet is selected, clustering at a later stage multiple detections, if

any. This procedure is opposed to every other method, where the grouping

procedure aims at retrieving first all arcs that belong to the same ellipse,

and then estimates its parameters. The proposed formulation overcomes

the limitation of [2, 194] to use 2D accumulators: it is optimized for the

detection of a single ellipse at a time, thus needing only 1D accumulators

to estimate rotation, axes ratio and major semi–axis length.

Clustering By testing the similarity between two ellipses in the param-

eters space, the clustering method is much faster than evaluating their

overlap as in [126], and the function ∆ is more accurate than thresholding

the Euclidean distance in the parameter space as in [8]. Differently from

[128], the test on the center is related to the ellipse size, instead of the im-

age size: as a results, ellipses with same parameters are clustered similarly
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regardless the image size.

3.4.2 Parameter selection

The proposed method is influenced by 5 parameters, Andrea: which may

be considered too many, making the algorithm tuning hard. However,

their effect on the performance, both detection effectiveness and execution

time, is discussed, showing either their negligible influence on the perfor-

mance or an easy procedure to tune them. The parameters are tested on

two datasets, detailed in Sect. 3.5.5, namely Dataset Prasad proposed by

Prasad et al.[126] and Dataset #1 proposed in this paper.

Spurious edge and noise removal During the preprocessing, as dis-

cussed in Sect. 3.3.1.2, we remove short and straight arcs, that are mainly

due to noise and do not have enough curvature to contribute to the de-

tection of an ellipse. We define as short those arcs shorter than Thlength

(parameter #1). The influence of the parameter Thlength is investigated

in Fig. 3.10, where it is clear that either including all edges (left side

of the graph) or removing too many edges (right side) has negative im-

pact on the detection effectiveness. The best results are obtained with

values of Thlength between 2 and 32. However, as clearly depicted in Fig.

3.10(b), values lower than 8 are very time demanding. As a result, we set

Thlength = 16.

Edges are defined as straight if the shortest side of the respective ori-

ented bounding box is smaller than Thobb (parameter #2). Figure 3.11

shows the influence of this parameter on the performance. Both the de-

tection effectiveness (Fig. 3.11(a)) and the execution time (Fig. 3.11(b))

decrease with values greater than 3 (Fig. 3.11(a)). We set Thobb = 3 as a

good trade-off.
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Figure 3.10: Performance varying Thlength.
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Figure 3.11: Performance varying Thobb.

Mutual Position The second constraint of the selection strategy (Sect.

3.3.2.1) forms arc pairs only for arcs with coherent mutual position, which is

computed analyzing the relationships among the extrema of the arcs, with

a tolerance Thpos (parameter #3). In Fig. 3.12 we show that the impact

of Thpos on the method is negligible. We set Thpos = 1 to gain some

effectiveness (Fig. 3.12(a)) and keep the execution time at the minimum

(Fig. 3.12(b)).

Distance between estimated centers As discussed in Sect. 3.3.2.2,

the third constraint of the selection strategy discards arc pairs whose com-
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Figure 3.12: Performance varying Thpos.

puted centers are more distant than Thcenters = τcenters× image diagonal.

As shown in Fig. 3.13, for τcenters (parameter #4) greater than 0.02 there

is no significant improvement in the detection effectiveness (Fig. 3.13(a)),

but the computational time increases because more triplets are considered

as valid (Fig. 3.13(b) shows that the increased time is due to the estima-

tion step). A value of τcenters = 0.05 that guarantees top effectiveness and

still fast execution time is then selected.
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Figure 3.13: Performance varying τcenters, where
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Number of Parallel Chords As described in Sect. 3.3.2.1, our method

finds Ns (parameter #5) chords parallel to a given one. Considering all

chords starting from each edge point of the arc αa, i.e. Ns = |αa|, can be

very time consuming and not useful to better locate the ellipse center. A

more efficient approach is to consider fewer chords, starting from a subset

of edge points sampled at regular intervals on the arc, to minimize the

execution time and still allow a good estimation of the center. Figure

3.14(b) shows that the time used for the evaluation step increases with Ns,

while the other steps of the algorithm are basically stable. Moreover, Fig.

3.14(a) shows that parameter Ns does not need to be greater than 32 to

achieve the top performance. In general, the best tradeoff between accuracy

and speed is obtained with Ns ∈ [8, 32], that allows to avoid unnecessary

computation and still to estimate accurately the parameters by using only

the points on the selected arcs. Consequently, we set Ns = 16.
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Figure 3.14: Effectiveness and execution time varying Ns.

3.5 Experimental Results

We perform a thorough set of tests of the proposed method, on both syn-

thetic and real images datasets, evaluating its performance and comparing

it with other state-of-the-art methods.
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3.5.1 Evaluation metrics

We evaluated the performance of the algorithms in terms of execution time

and detection effectiveness, according to the evaluation methodology of

[126]. Detected and ground-truth ellipses are compared according to the

following overlap ratio:

D = 1− count(XOR(E1,E2))

count(OR(E1,E2))
(3.31)

where E1 and E2 are respectively the ground-truth ellipse and a valid de-

tection. If the detected and the ground-truth ellipses have overlap ratio

D > D0, with D0 = 0.95 for synthetic images and D0 = 0.8 for real im-

ages, then a match is counted (true positive, TP); if a ground-truth ellipse

does not have a match with any of the detected ellipses, then a miss is

found (false negative, FN); finally, if the detected ellipse does not have

a match with any of the ground-truth ellipses, it corresponds to a false

positive (FP). According to these definitions the detection effectiveness is

computed in terms of the F-measure.

3.5.2 Other methods

In order to show the performance of the proposed method, we compare it

in terms of both execution time and detection effectiveness against other

state-of-the-arts methods. Since the main feature of the proposed method

is the ability to run in real–time still achieving good detection results, we

selected among the methods reported in Sect. 3.1 the fastest and the most

effective ones:

• the work of Basca et al.[8], which applies directly the RHT, randomly

selecting an initial subset among all possible point pairs;

• the work of Zhang et al.[194], which, after applying a point selection
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strategy, estimates the parameters in a decomposed parameter space

in multiple steps;

• the work of Libuda et al.[101], which iteratively links small edges into

arcs, till it obtains an elliptic shape;

• the work of Prasad et al.[126], which groups arcs according to edge

curvature and convexity.

All methods are implemented in C++, except the one of Prasad et al.which

is in Matlab. The methods of Zhang et al.and Basca et al.have been reim-

plemented according to the respective papers, while the source code of

Libuda et al.and Prasad et al.is available on-line.

In the experiments on real datasets (Sect. 3.5.5.1) we also evaluate

three variants of our method to better motivate our choices:

• instead of relying on the Sobel derivatives to compute the gradient

direction for edge pixels, we adopt the Fast Line Extractor of Kim et

al.[91];

• instead of estimating the ellipse parameters via the Hough Transform

in a decomposed space, we used the direct least square ellipse fitting

algorithm of Fitzgibbon et al.[51];

• same as the previous case, but using the unconstrained, non–iterative

least square based geometric ellipse fitting method “Ellifit” of Prasad

et al.[127].

Their code is available on-line. The Fast Line Extractor is in C++, while

the two ellipse fitting algorithms are in Matlab. In order to guarantee a

fair comparison, the execution time of the programs in Matlab is scaled by

a factor1. All experiments were executed without code parallelization on

1After testing the execution time of a set of functions in C++ and Matlab, we found
a scale factor of 50 to be a good average approximation.
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a PC with an Intel Core i7. Our method was also executed on a Samsung

Galaxy S2.

3.5.3 Robustness to rotation, axes ratio and size

To investigate the working limits of the evaluated algorithms with respect

to ellipse rotation, axes ratio and axes size, we created two datasets com-

posed of automatically–generated synthetic images of size 400× 400, each

containing a single ellipse without noise.

The first dataset contains 9100 images with fixed parameters xc = yc =

200 and A = 100, with B varying so that the axes ratio B/A ranges from

0 to 1 (step of 0.01) and orientation ρ ranging from 0◦ to 90◦ (step of 1◦).

The results of this evaluation are reported in Fig. 3.15 so that a pixel in the

image is white if the ellipse with corresponding axes ratio (along horizontal

axis) and orientation (along vertical axis) has been correctly detected, or

black otherwise.

The second dataset contains 10000 images with fixed parameters xc =

yc = 200 and ρ = 30◦, with A ranging from 1 to 100 (step of 1) and B

varying so that the axes ratio B/A ranges from 0 to 1 (step of 0.01). The

results of the evaluation are reported in Fig. 3.16.

As expected, all the algorithms i) are basically robust to orientation

(no significant vertical asymmetry is noticeable in Fig. 3.15), ii) fail when

the axes ratio is near to 0, thus when ellipses degenerate into straight lines

(leftmost part of graphs in both Fig. 3.15 and Fig. 3.16), and iii) have

difficulties detecting small ellipses (top part in Fig. 3.16), i.e. when ellipse

boundaries are composed by very few pixels. Ellipses on the first synthetic

dataset are large enough and the detection is insensitive to the variation

of the parameter Thlength (Fig. 3.15(a)).

The method of Prasad et al.[126] performs extremely good on these

datasets, being very robust to ellipse orientation, axes ratio and size, fol-

lowed by the the method of Basca et al.[8], which performs really good
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Figure 3.15: Working conditions, with respect to rotation (vertical axis, from 0◦

to 90◦) and axes ratio B/A (horizontal axis, from 0 to 1).

in single ellipse, noise-free images. The method of Zhang et al.[194] fails

in the detection of most of the ellipses. This is caused by its selection

strategy, which is not able to correctly identify the ellipse center in case

of too few samples which do not generate a peak in the 2D accumula-

tor and, consequently, other parameters are wrongly estimated. Moreover,

this method has some difficulties in the detection of ellipses with axes ratio

near to 1 (rightmost part of Fig. 3.15(b) and Fig. 3.16(b)), i.e. ellipses

degenerating into circles. Since most applications aim at detecting ellipses

because they are a perspective transformation of circles, the non–detection

of circles could represent an issue. The method of Libuda et al.[101] and

ours have almost similar working conditions. Ours, however, appears to

be more robust, while the high number of constraints in [101] can not deal

with some configurations of edge points. As shown in Fig 3.16(a) varying
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Figure 3.16: Working conditions, with respect to major semi-axis length (vertical
axis, from 1 to 100) and axes ratio B/A (horizontal axis, from 0 to 1).

the parameter Thlength, the algorithm is able to detect small ellipses, but

at the cost of more execution time (see Sect. 3.4.2).

3.5.4 Dataset of Chia et al.

We report the tests on the synthetic datasets proposed in [36]. These

datasets include three challenges: occluded ellipses, overlapped ellipses, and

ellipses affected by salt–and–pepper noise. Being an edge linking method,

we focused on the first two datasets as in [126], because the proposed

method needs connected edge pixel to work and consequently is not suited

to handle salt-and-pepper noise. Moreover, in case of salt-and-pepper noise,

a simple pre-processing such the application of a median filter will remove

the noise. The datasets consist of images of size λ × λ, in which each im-
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age contains η different ellipses, with λ = 300 and η ∈ {4, 8, 12, 16, 20, 24}.
The parameters of the ellipses, arbitrarily located within the image, are

generated randomly with the value of the semi-axes in [λ/30,
√
λ2 + λ2/2].

Figure 3.17 shows the performance of our method, as well as the results

obtained by Chia et al.[36] and Prasad et al.[126]. These two methods

perform really well on these datasets: their careful selection of edge seg-

ments to be split or merged handles consistently cases of occlusion and

overlapping. The proposed method, instead, aims at simplifying the arc

extraction in order to run in real-time in real world images. This limitation

is highlighted by the poor performance obtained on such challenging, yet

synthetic datasets.
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Figure 3.17: Evaluation on Dataset Chia [36].

These results are due to the fact that in such small images the number

of edge pixels for each ellipse is very limited. In order to ground this mo-

tivation to our poor performance, the original datasets have been upscaled
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by multiplying the parameter λ by a factor of 1, 2, 3, 4. As a consequence,

ellipses are larger but still present the same challenges as in the original

datasets. The results shown in Fig. 3.18 demonstrate that our method

significantly improves the performance on the new datasets, confirming

that in the presence of enough information the proposed method is able to

detect very well overlapped or occluded ellipses.
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Figure 3.18: Evaluation on Dataset Chia [36] of the proposed method increasing
the value of λ.

3.5.5 Real Datasets

Since the goal of the proposed method is to work in real time in real

scenarios, we tested the methods on three datasets containing real world

images: a portion of the dataset used in Prasad et al.[126] called “Dataset

Prasad” hereinafter, and two datasets we created collecting a total of 1029
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images.

Dataset Prasad is composed by the portion of data that are still avail-

able on-line of the dataset used in [126], which consists of 198 images out

of the original 400.

Our Dataset #1 is composed of 400 real images containing elliptic

shapes, collected from MIRFlickr and LabelMe repositories. The images

from the first repository are high quality and mainly focused on a single

object, while images from the second one have lower resolution, are more

noisy and represent scenes containing different objects.

The major reason for the development of the proposed method is the

capability to run in real–time on embedded devices such as smart-phones.

As a consequence, we created Dataset #2 collecting several videos using

a Samsung Galaxy S2 and selecting a total amount of 629 frames at the

resolution of 640x480, typical of most smart-phone applications. Ellipse

detection on this kind of images is very challenging due to varying lighting

conditions and images blurred by motion and autofocus.

All images in Dataset #1 and Dataset #2 have been manually anno-

tated and are publicly available on-line 1 for future comparisons. Regarding

Dataset Prasad we relied on the given ground truth.

Figures 3.19 and 3.20 show some statistics about the datasets. On one

hand, in Dataset Prasad the number of small ellipses (i.e. with semi-major

axis length shorter than 20 pixels) is very high compared to Dataset #1

and Dataset #2. On the other hand, in Dataset #1 and Dataset #2 most

of the images contain few ellipses, while in Dataset Prasad the number of

ellipses per image is more uniformly distributed.

3.5.5.1 Results on Real Datasets

We evaluated the effectiveness of the selected methods on the three datasets

collecting the F-measure varying the threshold on the score (Thscore) of

1http://imagelab.ing.unimore.it/imagelab/ellipse/ellipse_dataset.zip
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the detected ellipses for each image, as reported in Fig. 3.21 for Dataset

Prasad, Fig. 3.22 for Dataset #1 and Fig. 3.23 for Dataset #2. We

reported the highest F-measure value in Table 3.2. Our method results to

be very effective in the detection of ellipses in real images.

In order to evaluate the speed, also reported in Table 3.2, for Dataset

Prasad and Dataset #1 we collected the execution time while running all

methods on a PC, while for Dataset #2 we collected the execution time

while running our method on a smart-phone, namely a Samsung Galaxy S2.

For this purpose, we developed an Android and OpenCV application which

calls the C++ function for detecting ellipses via the Java Native Interface

75



3. FAST AND EFFECTIVE ELLIPSE DETECTION ON
MOBILE DEVICES

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

F‐
m
e
as
u
re

Threshold on score

Effectiveness on Dataset Prasad

Basca

Libuda

Prasad

Zhang

Ours

FLE + Ours

Ours + Fitzgibbon

Ours + Ellifit

Figure 3.21: Graph reporting the F-measure varying Thσ on Dataset Prasad.
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Figure 3.22: Graph reporting the F-measure varying Thσ on Dataset #1.

(JNI). Since, it was impossible to test the accuracy in real–time directly

on the smart-phone due to the lack of a ground truth, all frames have been

annotated and the effectiveness test was performed off-line on the PC. The

execution time of our method, instead, was collected while running the

application directly on the smart-phone filming the same scenes.

Dataset Prasad We show the execution time breakdown for each pro-

cessing step for all the compared algorithms in Table 3.3. The method of

Prasad et al.[126] performs the best in terms of effectiveness (F-measure
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Figure 3.23: Graph reporting the F-measure varying Thσ on Dataset #2.

Dataset Prasad Dataset #1 Dataset #2
F-measure Time F-measure Time F-measure Time

[8] 23.98% 134.98 31.77% 684.31 28.84% N/A
[101] 33.47% 7.85 42.58% 18.95 45.88% N/A
[126] 44.18% 158.32 45.12% 1084.85 43.28% N/A
[194] 21.53% 431.95 34.21% 5591.5 45.06% N/A
Ours 43.70% 5.56 58.52% 15.96 61.13% 45.82
[91] + Ours 34.04% 8.39 54.44% 25.98 58.72% N/A
Ours + [51] 39.72% 7.02 48.93% 22.77 44.86% N/A
Ours + [127] 39.78% 7.43 48.82% 20.44 44.70% N/A

Table 3.2: Average effectiveness and execution time (in milliseconds) on the three
datasets. N/A = implementations on mobile devices not available.

of 44.18%), but results to be quite slow. Most of the time is spent in the

grouping step; also its clustering method based on the overlap ratio is very

slow. Our method is the second one in terms of effectiveness (F-measure

of 43.70%, very close to Prasad et al.[126]) and is the fastest with an ex-

ecution time of 5.56 ms. Our poorer performance is mainly due the fact

that this dataset contains a large amount of small ellipses, as shown in

Fig. 3.19. Due to its working limits and to the trade-off considered in

the parameter setting, our method is not able to detect about the 38% of

the ellipses present in this dataset. However, the reported F-measure value

demonstrates that our method is very effective in the detection of mid-sized
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Basca Libuda Prasad Zhang Ours Kim Ours Ours
Ours Fitzibbon Prasad

Edge Detection 2.28 2.21 2.30 2.33 1.96 2.29 2.36 2.36
Pre-Processing 1.85 2.42 30.97 1.95 1.33 4.20 1.44 1.44
Grouping 0.00 2.44 67.48 0.04 0.84 0.81 1.47 1.47
Estimation 119.92 0.78 1.68 427.60 1.26 0.99 1.09 1.06
Validation 0.00 0.00 0.13 0.00 0.14 0.09 0.30 0.31
Clustering 10.92 0.00 55.76 0.02 0.03 0.01 0.36 0.78
Total 134.97 7.85 158.32 431.95 5.56 8.40 7.02 7.43

Table 3.3: Execution time breakdown on Dataset Prasad.

or large ellipses (where the major semi axis A is larger than about 10-15

pixels). Moreover, this dataset contains also ellipses that are so distorted

that are not detected by any other methods, as depicted in third line of

Fig. 3.24. The variants of our method that rely on an ellipse fitting al-

gorithm perform also quite well, while the implementation with the Fast

Line Extractor is less effective. The method of Libuda et al.[101] has good

execution time but quite low detection performance. The methods of Basca

et al.[8] and Zhang et al.[194] have very poor overall performance: most

of the time is spent to estimate the parameters for a large number of edge

pixel combinations.

Dataset #1 In Table 3.4 we report the execution time breakdown for all

the algorithms. The two methods that work directly on single edge points,

Basca Libuda Prasad Zhang Ours Kim Ours Ours
Ours Fitzgibbon Prasad

Edge Detection 5.93 5.92 4.66 5.23 4.54 5.09 5.45 5.45
Pre-Processing 5.77 5.47 102.81 4.68 3.14 10.22 3.11 3.11
Grouping 0.00 6.44 366.30 0.33 4.23 5.94 4.29 4.29
Estimation 611.05 1.11 4.48 5581.25 3.56 4.29 9.57 6.80
Validation 0.00 0.00 0.32 0.00 0.40 0.43 0.34 0.41
Clustering 61.56 0.00 606.28 0.04 0.07 0.01 0.29 0.36
Total 684.31 18.95 1084.85 5591.55 15.96 25.99 23.06 20.44

Table 3.4: Execution time breakdown on Dataset #1.
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i.e. Zhang et al.[194] and Basca et al.[8], have again the worst performance.

The selection strategy of Zhang et al.requires more computation, but leads

to more accurate solutions with respect to random point selection of Basca

et al.that suffers the amount of noise present in real images. The method of

Libuda et al.[101] confirms to be very fast. The method of Prasad et al.[126]

has good performances, but its arc extraction and grouping procedure are

very time demanding. Our algorithm and its variants achieve the best

performances in terms of both effectiveness and execution time.

Dataset #2 The results (see Table 3.2) regarding the effectiveness on

Dataset #2 confirm the consideration reported for the other datasets. The

method of Prasad et al.[126] is quite accurate, but not as much as in syn-

thetic scenarios or its own dataset. The method of Libuda et al.[101] con-

firms average results, and the methods based on single edge pixels [8, 194]

still have very low performance. Our method has the highest F-measure

value, and its variants achieve good performance as well. The average ex-

ecution time on the smart-phone is 45.82 ms, demonstrating the real–time

performance of the proposed method.

Some results of the tested methods on the three datasets are depicted

in Fig. 3.24, 3.25 and 3.26, respectively.

3.5.6 Selection Criteria

The goal of the selection strategy is to discard as soon as possible those

triplets whose arcs do not lie on the same ellipse boundary. This impacts

both speed and detection effectiveness, avoiding further computation for

triplets which are actually false detections. As clarified in Sect. 3.3.2.1,

each step of the selection strategy selects a narrower subset: T3 ⊆ T2 ⊆
T1 ⊆ T0. The size of each subset and its ratio with respect to T0 are

reported in Table 3.5. These values, computed as the average for all images

in Dataset Prasad and Dataset #1, demonstrate the effectiveness of the
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Input GT Basca Zhang Libuda Prasad Ours

Figure 3.24: Results on Dataset Prasad.

selection strategy criteria.

Set Dataset Prasad Dataset #1
Avg. # triplets % triplets Avg. # triplets % triplets

T0 44514 100.00 % 261019 100.00 %
T1 15600 35.04 % 86221 33.03 %
T2 2702 6.07 % 11450 4.38 %
T3 112 0.25 % 323 0.12 %

Table 3.5: Average number of triplets after applying the constraints.

3.5.7 Known Limitations of Our Method

Our method relies on a very simple procedure to generate arcs. On one

hand this guarantees a major speed–up, on the other hand it presents some

drawbacks. The method is not able to split correctly arcs that presents
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Figure 3.25: Results on Dataset #1.

inflexion or junction points, and it splits well shaped arcs spanning trough

different quadrants. Small ellipses or ellipses with fragmented boundary

are difficult to detect because arcs may result to be too short or without

enough curvature. Also, when the ellipses have very low axes ratio arcs may

be considered as straight lines and discarded as well. These limitations are

highlighted by the poor performance on the synthetic datasets of Chia et

al.in Sect. 3.5.4.

The selection strategy allows to significantly speed up the grouping

procedure. However, it assumes that an ellipse has at least three arcs in

different quadrants. This assumption does not always hold, and conse-

quently some kind of occluded ellipses, such as well–shaped semi–ellipses,

can not be detected.
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Input GT Basca Zhang Libuda Prasad Ours

Figure 3.26: Results on Dataset #2.

3.6 Conclusions

In this chapter we proved that a very fast and accurate ellipse detection

is feasible also with limited hardware resources as in the case of smart-

phones. The main point is to shift the focus of interest from edge points

to arcs (or parts of arcs) and, instead of providing an exhaustive search, to

start selecting only arcs compatible with an elliptical shape. Our approach

has been extensively analyzed (with particular focus on the influence of the

most critical parameter) and compared with four state-of-the-art methods,

resulting superior than them on real images in terms of trade-off between

detection effectiveness and execution time.

Despite its performance, our approach is based on several assumptions

which can lower its effectiveness compared with other methods in partic-

ular conditions. However, based on our experiments, the cases on which
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these assumptions do not hold are not frequent in real images and the over-

all improvement in terms of efficiency is worth this slight detection loss,

especially when aiming to a real-time implementation on a mobile device.
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Chapter 4

Visual Place Recognition

The diffusion of powerful mobile devices has posed the basis for new appli-

cations implementing directly on the devices sophisticated computer vision

and pattern recognition algorithms. Because of the natural interaction of

the user with its smart phone, a new set of applications is being developed.

A very popular question is to know what are we looking at, and get infor-

mation about it. The ubiquity of mobile device equipped with high quality

cameras provide the opportunity to naturally get information about what

we are filming.

Research in visual place recognition aims at solving this problem: by

shooting a picture with the camera of a mobile device, retrieve all informa-

tion regarding what is in the picture. Many application may take advantage

from this technology, like tourism, advertising, and so on.

In this chapter is described the implementation of a complete system for

automatic recognition of places localized on a map through the recognition

of significant signs by means of the camera of a mobile device. Novel

classification algorithm based on the innovative use of bag-of-words on

ORB features are proposed. The recognition is achieved using a simple
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yet effective search scheme which exploits GPS localization to limit the

possible matches. This simple solution brings several advantages, such as

the speed also on limited-resource devices, the usability also with limited

training samples and the easiness of adapting to new training samples and

classes. The overall architecture of the system is based on a REST-JSON

client-server architecture. The experimental results have been conducted

in a real scenario and evaluating the different parameters which influence

the performance.

4.1 Introduction to Mobile Visual Search

Mobile vision is a rather recent research field aiming at developing so-

phisticated computer vision algorithms on board of mobile devices. More

specifically, this field addresses the use of commercial smart phones and

tablets as embedded devices, thanks to their increasing capabilities to pro-

cess complex data (such as images and videos) in real time and to the

availability of several good-quality sensors on board.

This research field must not be considered as a mere re–engineering

task of existing algorithms on a different hardware platform, since it poses

several challenges which require a complete re–design of the algorithms

themselves and can be of interest for the scientific community: the limited

computational and memory resources available, the extreme mobility and

limited connectivity, and the power constraints under which these tether-

less devices operate.

The use of mobile devices as people-centric sensors and processing units

opens to new and impressive classes of applications, ranging from real

time object/person tracking, content-based retrieval of framed scene with

marker-less object recognition, face detection (and possibly recognition),

blind people aid for movement, etc.. This paper addresses an applica-

tion with the final aim of recognizing logos for localization purposes. The
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proposed application needs to identify precisely a place where the user is

located, supposing the GPS-based localization is not available or reliable

(both for limited precision and for the co-existence of several significant

locations in the neighborhood). This identification can be used for city

marketing (similarly to the “check in” used in apps like Foursquare) or for

gaming purposes. Other sensors may be employed too (e.g., the gyroscope

to understand the direction the user is looking at), but precise localization

is still required. Moreover, the place identification through image analy-

sis allows the system to work properly also indoor (e.g., in a mall) where

GPS-based localization is unreliable.

With these premises, this paper proposes a computer vision algorithm

which recognizes significant locations in real-time. The algorithm is based

on ORB features which are then quantized with a newly-proposed bag-of-

words (BoW) model for binary descriptors. At the best of our knowledge,

this is the first time a BoW model for a binary descriptor (as ORB is) is

used in the context of logo recognition. Moreover, to take into account

the aforementioned bandwidth limitations, the BoW histograms are com-

pressed using an efficient and effective compression algorithm. Server side,

this compressed descriptor is used to match with the trained classes in a

database and the resulting ranking is returned to the user on the device.

Experiments on real images with challenging logos are reported.

4.2 Related Works

The problem we are addressing is somehow similar to logo recognition [7,

125], in that we aim at recognizing the location depicted in the query image

by means of appearance. Logo recognition solutions rely on segmented

logos or brands and learn particular configurations of local descriptors to

match with the query [139, 144]. Since in our case the segmentation is not

available, we consider the images as a whole and search for visually similar
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Figure 4.1: Overall description of the client-server architecture.

images, treating the problem as an image matching one [64]. However,

beside the lack of segmentation, these methods are not directly applicable

because we do not have large datasets for the comparison [151]. Also, they

are in general computationally demanding and thus not suited for user

interaction.

Most of the methods mentioned above rely on feature detection and

matching. The SIFT keypoint detector and descriptor [106], although over

a decade old, have proven to be remarkably successful in a number of ap-

plications using visual features, including object detection and recognition,

image stitching, scene classification, etc. This descriptor has been also

extended to color images in the form of RGB-SIFT, Opponent-SIFT and

C-SIFT, as described by van de Sande et al. in [172]. However, it re-

quires an intensive computational effort, especially for real-time systems,

or for low-power devices such as cellphones. This has led to an increased

research for replacements with simpler descriptors with lower computation

demands. This trend started with SURF [10], but since then a lot of other

descriptors have been proposed in literature, always focusing not only on

performance but also on speed: we can refer to VLAD [86], BRIEF [16],
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DAISY [165] among the most recent proposals. There has also been re-

search aimed at speeding up the computation of SIFT, most notably with

GPU devices [155], or the exploitation of approximate nearest neighbor

techniques, starting from LSH [82] up to product quantization [87].

Also a great variety of global features has been proposed to tackle the

retrieval problem, for example color histograms, GIST [119] and HOG [41].

Usually these features are easier to compute and do not require the quanti-

zation step typical of the bag-of-words model which is necessary to create

a global representation (an histogram of visual words) from the aforemen-

tioned local descriptors.

In a recent paper, Rublee et al.[143] propose a very fast binary descrip-

tor based on BRIEF, called ORB, which is rotation invariant and robust

to noise. They demonstrate through experiments how ORB is up to two

orders of magnitude faster than SIFT, while performing as well in many

situations. The efficiency is tested on several real-world applications, in-

cluding object detection and patch-tracking on a smartphone. The investi-

gation of variance under orientation was critical in constructing ORB and

decorrelating its components, in order to get good performance in nearest-

neighbor applications. An interesting aspect is that the authors have also

contributed a BSD licensed implementation of ORB to the community, via

OpenCV 2.3. We provide a short description of the ORB descriptor in

Section 4.4.1.

4.3 System Overview

The overall sketched architecture of the proposed system is shown in Fig.

4.1. The system follows a standard client-server architecture, where the

client side is composed of the users’ mobile devices, while the server side

is a central computer devoted to keep the databases updated and to pro-

vide the logo classification. When dealing with mobile vision (and mobile
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computing in general) there is always a crucial tradeoff between the lo-

cal (on-device) computation and the remote processing. When moving

towards the latter, the communication overhead required to send the raw

data to the remote server can be unacceptable, especially because of the

cost of transmission of the device (not-flat rates) and the delay introduced

to transmit large amount of data. On the opposite side, local processing

requires a sufficiently-powerful device to avoid long waits and it consumes

a lot of battery.

In our system, the balance is reached as follows. First, the user will

use the developed App to take a picture of a logo (phase 1 in Fig. 4.1).

It is worth saying that the picture does not have to be perfect, and it can

be at some degree blurred by the user’s movement, it can contain small

logos, and the logo can be acquired in a tilted, partial or occluded way,

at least at a reasonable extent. The only strong requirement is that the

picture does not contain other logos, at a resolution and quality superior to

that of the searched logo. Once the picture has been taken, it is processed

locally on the device to extract and compress, in real time, a set of features

and the corresponding bag-of-words (BoW) descriptor (further details are

reported in Section 4.4). The compressed descriptor is sent to the remote

server (phase 2 in Fig. 4.1). In order to obtain en efficient communication

between the clients and the server we used the REST (REpresentational

State Transfer) architecture for distributed systems [50]. The main advan-

tage is that REST architecture provides a simple interface with the server

where the requests are sent through a HTTP GET with parameters passed

through the URL. The server responds (phase 7 of Fig. 4.1) using the

JSON (JavaScript Object Notation) format which codes the response as a

formatted string.

In order to prepare the JSON response the server needs to identify

the list of POIs (Points Of Interest) which potentially match with the

logo in the picture taken by the users. This list is ordered based on the
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score computed by the algorithm and returned to the user’s device. This

identification is achieved by matching the descriptor sent by the user with

the descriptors of the trained class, as detailed in Section 4.4. First of

all, the set of potential POIs (with corresponding categories) is retrieved

by the database (phase 3 in Fig. 4.1). This retrieval can be narrowed

with respect to the total number of POIs in the database by exploiting the

rough GPS-based location of the device (which is sent together with the

descriptor in phase 1), if available.

Given the set of potential POIs, the database containing the trained

images for each one is queried (phase 4) and the server-side of the machine

learning algorithm is activated (see Section 4.4.4). This algorithm returns

(phase 5) the ordered list of POIs ranked according to a score, which is

then sent back to the device through phases 6 and 7.

4.4 Logo Recognition through Bag-of-Words

and ORB features

The system requires to efficiently extract some informative elements from

the acquired images on the device, so the choice of the ORB descriptor

(4.4.1) is straightforward and particularly effective, given also the avail-

ability of specific implementations for mobile devices. What we need is a

way to quickly summarize these local binary descriptors, which also allows

us to reduce the amount of information sent to the server. We employ

two solutions for this task, leveraging a variation of the k-means algorithm

(4.4.2) and a very simple, but effective compression scheme (4.4.3). Finally,

server-side, we detect the image class, thus the sign queried by the user,

by means of a simple ranking technique (4.4.4) which uses a subset of the

training images, selected according to their GPS position.
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4.4.1 ORB descriptor

The ORB descriptor (Oriented FAST and Rotated BRIEF) builds on the

well-known FAST keypoint detector [142] and the recently-developed BRIEF

descriptor [16].

The original FAST proposal implements a set of binary tests over a

patch, by varying the intensity threshold between the center pixel and

those in a circular ring around the center. The Harris corner measure [75]

has been used to provide an evaluation of the corner intensity. In ORB the

missing orientation information of FAST are instead complemented with

Rosin’s corner intensity [141]. In particular, the moment mpq of a patch

(region) R is computed as:

mpq =
∑
x,y

xpyqR(x, y). (4.1)

We further compute the centroid c (boldface is used for vectors) as

c =

(
m10

m00
,
m01

m00

)
, (4.2)

and by constructing a vector from the patch center to the centroid c, we

define the relative orientation of the patch as

ω = atan2 (m01,m10) . (4.3)

The patch description has been provided starting from the BRIEF operator

[16], a bit string representation constructed from a set of binary intensity

tests. Given a smoothed image patch R of an intensity image I, a binary

test τ can be performed as:

τ (R,u,v) =

1 : R(u) < R(v)

0 : R(u) ≥ R(v)
. (4.4)
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Given a set of intra-patch locations

L =

(
u1, . . . ,un
v1, . . . ,vn

)
, (4.5)

the final feature b is defined as an n-dimensional vector of binary tests:

b(R) =
∑

1≤i≤n

2i−1τ(R,ui,vi). (4.6)

The intra-patch locations for the tests influences the quality of the descrip-

tor itself. A solution could be a grid–sampling–based set of sets by taking

into consideration the patch orientation, so multiplying these locations with

the rotation matrix. However, by analyzing the distribution of the tests,

this solution brings a loss of variance and increase the correlation among

the binary tests (since tests along the edge orientation statistically pro-

duce similar outcomes). This heavily impacts the descriptor effectiveness,

describing redundancy more than distinctiveness. To solve the problem,

the authors [143] employed a learning algorithm, sampling tests from 5× 5

subwindows of the 31×31 patch window chosen for the descriptor, running

each test against all training patches. The result is a predefined set of 256

tests called rBRIEF.

4.4.2 A Bag of Words Model for Binary Descriptors

While histogram based features are directly ready to be used in image clas-

sification or retrieval tasks, local features require an additional quantization

step to be transformed into global image features. The classic approach

is to employ k-means clustering using Euclidean distance between feature

vectors, and this has proved to be effective, even if computationally de-

manding during the training phase.

Unfortunately when dealing with a vector of binary features, Euclidean

distance is not the metric of choice, and the average vector is undefined.
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Algorithm 3 K-majority algorithm

1: Given a collection D of binary vectors
2: Randomly generate k binary centroids C
3: repeat
4: for d ∈ D do . Assign data to centroids
5: cd ← arg min

c∈C
HammingDistance(c, d)

6: end for
7: for c ∈ C do . Majority voting
8: for d ∈ D|cd = c do
9: v accumulates d votes

10: end for
11: c′ ← Majority(v)
12: end for
13: until centroids not changed

unsigned HammingDistance (__m128i *x, __m128i *y) {

__m128i xorValue = _mm_xor_si128 (*x,*y);

return (unsigned)__popcnt64(xorValue.m128i_u64 [0])

+ (unsigned)__popcnt64(xorValue.m128i_u64 [1]);

}

Figure 4.2: Example Hamming distance function in C language, using SSE4
instruction on a 64bit architecture.

A reasonable and effective distance between binary vectors is the Ham-

ming distance (the number of different bits in corresponding positions),

but still no average is provided. We could tackle the problem reverting to

k-medoids (PAM algorithm) [89], but this would require the computation

of a full distance matrix between the elements to be clustered, even wors-

ening the problem. Therefore, to compute the centroid of a set of binary

vectors based on the Hamming distance, we introduce a voting scheme. In

particular, corresponding elements of each vector vote for 0 or 1. For de-

termining each element of the centroid, the majority rule is used, with ties

broken randomly. We call this variation of the Lloyd algorithm “k-majority
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algorithm” and we resume it in Algorithm 3.

The algorithm processes a collection of D binary vectors and seeks

for a number k of good centroids, that will become the visual dictionary

for the Bag-Of-Words model. Initially, these k centroids are determined

randomly (line 2). At each iteration, the initial step (lines 4-6) is the

assignment of each binary vector to the closest centroid: the current binary

vector d is therefore labelled with the index of the closest centroid. This

part is essentially shared by many common clustering algorithms. The

second step (lines 7-12) is the majority voting used to redefine the vector

clustering. For each cluster c, we take into consideration every binary

vector d belonging to it. Every bit of an accumulator vector v is increased

by 1 if the corresponding bits in d is 1. At the end, the majority rule is

used to form the new centroid c′: for each element vi in v, if the majority of

vectors voted for 1 as bit value in vi, then c′i takes 1, otherwise c′i takes 0.

The algorithm iterates until no centroids are changed during the previous

iteration.

A fundamental advantage of the k-majority approach is that both the

Hamming distance and the majority voting step can work on the byte

packed vector string. In particular the Hamming distance may be im-

plemented leveraging both SSE instructions and specific bitwise hardware

instructions. An optimized version of an Hamming distance function is pro-

vided in Fig. 4.2.If specialized hardware instructions are not available, it is

still possible to employ some smart bitwise operations as those proposed in

http://graphics.stanford.edu/~seander/bithacks.html#CountBitsSetParallel

By using Hamming distance and majority voting in the cluster assignment

step, which has to go through all elements to be clustered, we can obtain

a speedup over classical k-means in the order of 100.
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4.4.3 BoW Descriptors Lossless Compression Scheme

To reduce the bandwidth requirements of the system (which is of paramount

importance when mobile devices are considered), an extremely simple and

fast lossless compression scheme is applied to the BoW histograms. The

first observation is that these descriptors are significantly sparse and be-

come more and more sparse at growing size of the codebook. For this

reason, similarly to the JPEG coding of AC coefficients, we employ a RLE

of zeros and describe every non zero value as the number of zero values

before the current one.

The second observation is that the distribution of nonzero value is def-

initely non uniform, with some values found many times and others really

seldom. Huffman coding could be applied, but this would require a spe-

cific dictionary construction for every descriptor or a predefined dictionary

which could be biased toward the specific dataset in use and possibly be-

come not really useful at changing conditions. For these reasons we ap-

ply a universal coding technique, the Elias gamma code, known also as

Exp-Golomb coding as used in the H.264/MPEG-4 AVC and Dirac video

compression standards.

For the sake of simplicity, the original BoW histograms are stored as a

stream of 32 bits wide floating point values, so we start our representation

with a list of nonzero floating point values ordered by the most probable to

the least probable ones, then encode the floating point values as an Elias

encoded run length of zeros and an Elias encoded index pointing to the

value table. The run lengths are not exactly exponentially distributed, so

Elias coding is not the perfect choice for their representation, but this still

allows for a very effective representation at small values, without adding a

large overhead to longer representations.

In Table 4.1 we report the average compression obtained both with

GZip standard compression applied over the uncompressed binary data and

with our compression scheme. Our approach produces descriptor which are
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Table 4.1: Compression tests comparisons. For both GZip and our compression
scheme the average size in bytes and the average compression ratio are reported

centers uncompressed compressed compressed our/gzip
binary gzip our

32 128 121 (1.06) 117 (1.10) 0.96
64 256 171 (1.50) 148 (1.73) 0.87
128 512 229 (2.23) 165 (3.11) 0.72
256 1,024 297 (3.45) 197 (5.20) 0.66
512 2,048 390 (5.25) 253 (8.09) 0.65
1K 4,096 517 (7.93) 328 (12.49) 0.63
2K 8,192 674 (12.16) 426 (19.24) 0.63
4K 16,384 854 (19.20) 542 (30.25) 0.63
8K 32,768 1,057 (31.01) 669 (48.99) 0.63
16K 65,536 1,300 (50.42) 804 (81.50) 0.62
32K 131,072 1,582 (82.86) 947 (138.40) 0.60

on average 30% smaller then GZip compression, while being much faster,

because of the use of Elias encoding. In fact no search is required and

the representation is a straightforward variable-length representation of a

binary coded integer value. Higher compression rates could be obtained,

at the price of a higher complexity.

4.4.4 Similarity Search

Once the query descriptor is received by the server, it is compared with the

descriptors of all training images. The number of comparison can be largely

reduced using only the descriptors of the locations that lie within a given

radius from the current user position, provided by the GPS embedded

on the mobile device. The descriptors are thus ranked according to the

similarity measure given by the histogram intersection. We determine the

similarity for each class computing the Average Precision (AP) on this

ranked list as if the given class were the correct one, and propose back to
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the user the list of classes sorted according to their AP.

With this simple scheme we avoid the need to train a multi-class clas-

sifier, with several advantages: i) the exhaustive similarity search is still

feasible thanks to the GPS position constraint; ii) there is no need to re-

train every time a new image (of an existing or new class) is added because

we can compute the global descriptors of these images leveraging the same

cluster centers; iii) the number of images per class may not be balanced,

thanks to the AP re-ranking and, actually, iv) a class may be composed

even by a single image.

4.5 Experimental results

The proposed system has been deployed on a wide range of smart phones

and tablets, ranging from Samsung Galaxy Tab to Sony Xperia Z. The

most important differences are computational power (from single core @

1 GHz to quad core @ 1.5 GHz) and camera resolution (from 3.2 MP to

13 MP). In order to evaluate the accuracy, we tested offline the similarity

search on two datasets. The first dataset, Significant Signs (SS), consists

of 614 images: 464 depict shots of 96 different significant locations, the

remaining 150 are noise. As depicted in Fig. 4.3, within each class each

photo depicts the same location, taken from different points of view, with

different devices, in different light conditions. The second dataset is the

FlickrLogos-32 dataset [140] (FL32), which contains 30 photos showing

brand logos for 32 logo classes, as long as 6000 non–logo images. It is

meant for the evaluation of multi-class logo recognition as well as logo

retrieval methods on real world images.

As local image descriptor we selected the ORB (see Sect. 4.4.1), be-

cause it is very fast to compute, and, being a binary descriptor, allows us

for fast clustering via the K-majority algorithm (see Section 4.4.2) that

can be easily accomplished on-board of a mobile device. We also aim at
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Figure 4.3: Samples from the reference dataset, 1 column per class. Images
depict the same location with different viewpoints, light conditions and camera
resolutions.

demonstrating that the ORB descriptor provides also better retrieval than

SIFT [106]. The accuracy obtained generating the global descriptor start-

ing from ORB and SIFT, varying the number of cluster centers of the BoW

model, i.e. the dimension of the global descriptor, has been evaluated. We

computed the cluster centers starting from the local descriptors of all im-

ages, including noise, and used all images, except noise, as queries. The

evaluation of the Mean Average Precision (MAP) in Fig. 4.4 shows that

global descriptors generated from ORB perform in general much better

than SIFT. Moreover, ORB provides the correct result as first response

more often than SIFT, as depicted in Fig. 4.5.

We want our system to work irrespective of the device, so we must

handle photos taken with different cameras at various resolutions. Since

we work under the assumption that the logo is centered in the image and

is clearly visible (some examples are reported in Fig. 4.3), we overcome

the issue simply resizing the images. This allows us to normalize the sizes,

so that their local descriptors, which are computed on fixed size patch,

have comparable meanings. We report in Fig. 4.6 and Fig. 4.7 the results
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Figure 4.4: Mean Average Precision computed on the SS dataset varying the
number K of cluster centers.
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Figure 4.5: 1-Precision computed on the SS dataset varying the number K of
cluster centers.

(obtained with K = 512 cluster centers) varying the dimensions of the

resized images on the two datasets. The size of the images does not affect

much the quality of the results, so we can use smaller sizes that guarantee

a faster local descriptor computation.

We investigate also the number K of cluster centers of the BoW model,

which directly affects the size of the global descriptor and the computa-

tional time. We tested our ORB–based descriptor on images resized to

320 × 240 on both datasets. First we train the BoW for both datasets

using 1 random image per class, and repeated the evaluation 10 times, and

using as queries all other images. The average values are reported as the
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Figure 4.6: Mean Average Precision computed on the two datasets (SS and FL32)
varying the size of the images.
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Figure 4.7: 1-Precision computed on the two datasets (SS and FL32) varying the
size of the images.

darker bars (noted as SS-1 and FL32-1) in Fig. 4.8 and Fig. 4.9. They

show that the performance increases with the number K, but very good

results are already achieved with low values of K that allow for fast com-

putation. Second, we train the BoW for both datasets using all images for

each class, using again all images as queries. The results are reported as

the brighter bars (noted as SS-All and FL32-All) in Fig. 4.8 and Fig. 4.9.

On the one hand, adding more images helps the search, since the training

set will more easily contain images similar to the query. This is clearly vis-

ible in Fig. 4.9, where the brighter bars are much higher than the darker

bars. On the other hand, the overall performance is better with respect to
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Figure 4.8: Mean Average Precision computed on the two dataset (SS and FL32),
using 1 or All images as training samples.
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Figure 4.9: 1-Precision computed on the two dataset (SS and FL32), using 1 or
All images as training samples.

our dataset, but gets worse for the FlickrLogos32 dataset (Fig. 4.8). This

is because adding more information in the training phase provides worse

results when the images are very diverse. When images depict exactly the

same location, as in our dataset, adding more examples helps in dealing

the different viewpoints and lighting conditions.
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4.6 Conclusions

The proposed solution for visual place recognition has been developed for

mobile application. As such, there has been the need to find efficient so-

lutions feasible on commercial smart phones with limited resources and

communication constraints. The proposed novel solution, based on ORB

descriptors with BoW optimized for binary features, resulted to be an ex-

cellent trade-off between accuracy and efficiency, as demonstrated by our

tests. The exploitation of GPS localization to reduce the set of possible

matches in the training images also contributed to have a highly-responsive

accurate system.

The proposed system is thus capable to retrieve information about a

given place, provided that its visual description is available. As such, this

application is very useful in contexts of advertising or tourism, where the

visual description is provided by the same subjects that benefit from in-

creased visibility.
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Chapter 5

Conclusions

The increasing capabilities of mobile devices allow nowadays the develop-

ment of a wide range of applications. Mobile Vision deals with the limi-

tations of mobile devices, that do not allow Computer Vision tasks to run

directly on the device, proposing several optimization strategies. Different

architectural solutions allow to benefit of the unique features of mobile de-

vices as well as of the computational and storage capabilities of standard

computers. A thorough review of the literature in the field of Mobile Vision,

regarding both applications and optimization techniques, is presented.

In this thesis are also proposed two novel methods that advance the

state-of-the-art in the context of mobile pattern recognition and mobile

visual place recognition, respectively.

The first method concerns the real-time detection of elliptic shapes.

Most of the methods present in the literature are inherently too slow to

run on a mobile device, or apply heuristic to speed up the process at the

cost of losing in detection accuracy. The presented method overcomes these

limitations by relying on heuristic constraints that guarantee to perform the

most computational expensive tasks only on a very narrow set of elements.
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5. CONCLUSIONS

High accuracy is achieved by relying on arcs as features, instead of single

edge points. Novel approximate and fast solutions are given to accomplish

the different sub-problems of the algorithm. This novel formulation makes

the ellipse detection task feasible in real-time on mobile devices.

The second method deals with the problem of mobile visual place recog-

nition. Several methods proposed in the literature rely on ad-hoc low-size

or more informative descriptors to allow fast computation or feature match-

ing. The proposed approach instead relies on efficient state-of-the-art bi-

nary descriptor and on a novel formulation of the bag-of-feature model

to handle binary data. The resulting global descriptor allows for fast ex-

traction and matching, while maintaining the discriminating capabilities

for accurate matching. Because of its sparsity, the descriptor may be effi-

ciently compressed to limit the amount of data sent through the network,

thus reducing the latency and providing a very fast response for an effective

user interaction.
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