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PREFACE 

In computer vision, the creation of labeled datasets (ground truth) is of 

crucial importance both for performance evaluation and for algorithms’ training. 

In particular, large scale visual datasets providing a wide coverage of different 

object classes and scenarios are nowadays needed because, beyond performance 

evaluation, would allow the development of “visual data-driven” approaches, 

which in the long run could be independent from human annotations. 

Unfortunately, the ground truth generation task is tedious and error-prone 

and computer vision scientists usually dedicate a large part of their time to 

generate annotations tailored to specific application domains , thus a new trend in 

computer vision is to find methods for acquiring large scale ground truth data 

more efficiently and to combine effectively the existing datasets. 
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Motivations 

In the last decade, the advancements in camera technology and the reduction 

of costs have led to a widespread increase in the number of applications for 

automatic video analysis, such as video surveillance [1, 2] and real-life study of 

animal species behavior [3, 16]. For all of these purposes, the scientific community 

has put a lot of effort in the development of algorithms for object detection [4], 

tracking [5] and recognition [6]. Of course, one of the most important stages in 

the development of such algorithms is the performance evaluation. Because of the 

varying nature of the targeted environments, it is very difficult – if not impossible 

– to devise an algorithm able to perform very well on all possible scene conditions 

(i.e. indoor/outdoor, different objects, different motion patterns, scene lighting, 

background activity, etc). For this reason, it is often necessary to establish the 

suitability of an algorithm to a specific application context by comparing its results 

to what are expected to be the correct results.  

Therefore, large scale annotated datasets, covering as much scenarios and 

objects as possible, are needed in order to train and evaluate the existing 

approaches. The main limitation to achieve this goal is the daunting amount of 

time and human effort needed to generate high quality ground truth data, in fact it 

has been estimated that labeling an image may take from two to thirty minutes, 

depending on the operation, and it is, obviously, even worse in the case of videos. 

Indeed, in the context of object detection, segmentation, tracking and recognition, 

ground truths typically consist of a list of the objects which appear in every single 

frame of a video, specifying for each of them information such as the bounding 

box, the contour, the recognition class and the associations to other appearances 

of the same object in the previous or following frames. The manual generation of 

such information by a user is therefore a time-consuming, tedious and labor-
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intensive task, since it requires the operator to be focused on drawing accurate 

contours and handling tracking information between objects. 

 

 

Objectives 

Despite the existence of several tools able to support users in the labeling 

task, in recent years much research has been devoted to find methods for 

automatic or semi-automatic ground truth generation.  

This thesis is specifically focused on the development of methods for 

automatic ground truth generation and the problem is faced from two main 

perspectives: 1) to resort to human computer interaction techniques to ease the 

labeling process and 2) to exploit the crowd of users to generate reliable 

annotations. More in detail, we present a set of tools for collecting ground truth 

data by combining specific techniques i) to guide and speed up the annotation 

phase meeting the users’ needs and ii) to build up a large scale database of labeled 

visual data to be used for performance evaluation of computer vision algorithms. 

The integration of effective methods for quality control of the collected data 

and for the combination of multiple users’ annotations is also needed to overcome 

the limitations of the existing approaches  which are not user-centric and often 

not enough usable, since they are designed for a single, specific task.  

To reach the objective of generating more diversified and larger annotated 

datasets, a collaborative method, exploiting a large population of skilled users [7, 

8], has been proposed to improve functionalities and performances of the state-

of-the-art methods [12].  

Nevertheless, the usage of collaborative methods for image and video 

annotation, even when supporting tools are available, still requires a lot of 
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concentration, especially when the quality of the visual data is low or in the 

presence of crowded scenes, making the identification of objects of interest very 

difficult. In all these cases, both the identification and the subsequent annotation 

of objects are tedious and time-consuming tasks.  

Besides semi-automatic and web-based collaborative solutions, 

crowdsourcing to non-experts has recently been adopted with the objective of 

supporting the generation of large-scale annotation datasets. Generally, most of 

the existing solutions rely on self-motivated persons. In order to provide further 

motivation, several crowdsourcing methods award the users with money for 

producing specific labeled data. On the other hand, if no money is available, the 

only way to follow is to engage and motivate users by exploiting their amusement, 

for example by playing a game. 

To this end in this thesis we have developed an online game [66], named 

Flash the Fish, for generating large-scale object detection ground truth for video 

segments. The idea behind the game is to engage users to play a game by simply 

clicking on objects throughout the game levels. By using this mechanism no a 

priori knowledge is required for users who must only “take photos” of objects (in 

our case fish) providing an increasing dataset of annotations which can be used 

for detection and tracking performance evaluation. 

However, crowdsourcing approaches lack mainly in mechanisms for assessing 

the reliability of annotators and for combining multiple users’ annotations. Also, 

the usage of this solution necessitates resorting to specific post-processing 

techniques that require a considerable effort in developing algorithms able to 

process the raw data derived from the crowdsourcing.  

Finally, since  crowdsourcing  is stirring large interest among the scientific 

community, we also propose some methods, which exploits the above mentioned 

on line game, for gathering video annotations, and demonstrate that starting from 
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big noisy annotations and by using simple image segmentation techniques and 

statistical approaches, it is possible to generate reliable ground truths for testing 

computer vision algorithms. 

 

 

Thesis overview 

According to what we have already discussed concerning the motivations and 

objectives of the proposed work, we first review the state-of-the-art on the 

existing annotation frameworks, followed by a detailed description of the 

requirements for the proposed systems. Then a comprehensive discussion of the 

suggested semi-automatic tools for ground truth generation is given, followed by 

the description of the adopted crowdsourcing techniques to obtain reliable 

annotations. After presenting the performance evaluation of the proposed 

approaches comparing the results of each method, a discussion of the results and 

the conclusions complete the thesis. 

 The outline of the thesis is as follows: Chapter 1 contains the review of the 

state-of-the-art. Starting from a brief description of the existing ground truth 

applications, a review of the semi-automatic techniques, label propagation 

methods and crowdsourcing approaches is given. Chapter 2 presents two 

developed tools, namely, GTTool [7] and PERLa [8] which are,  respectively, a 

stand-alone tool and a web-based collaborative tool for annotating videos. Chapter 

3 describes a crowdsourcing approach based on the “Flash the Fish” game [66] 

together with data-driven approaches [88] to generate annotations starting from 

big noisy data as provided by the game’s players. Chapter 4 shows the performance 

evaluation of the proposed techniques by comparing the results obtained from 
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each methods. Finally, Chapter 5 concludes the thesis and provides a discussion on 

the obtained results drawing the lines for future developments. 
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ABSTRACT 

In this thesis a set of novel video annotation methods for performance 

evaluation of object detection, tracking and recognition applications is proposed. 

Large scale labeled datasets are of key importance for the development of 

automatic video analysis tools as they, from one hand, allow multi-class classifiers 

training and, from the other hand, support the algorithms’ evaluation phase. This 

is widely recognized by the multimedia and computer vision communities, as 

witnessed by the growing number of available datasets; however, the research still 

lacks in usable and effective annotation tools, since a lot of human effort is 

necessary to generate high quality ground truth data. However, it is not feasible to 

collect large video ground truths, covering as much scenarios and object 

categories as possible, by exploiting only the effort of isolated research groups.  

For these reasons in this thesis we first present a semi-automatic stand-alone 

tool for gathering ground truth data with the aim of improving the user 

experience by providing edit shortcuts such as hotkeys and drag-and-drop, and by 

integrating computer vision algorithms to make the whole process automatic with 



Abstract                                                                                                                             9 
 

a little intervention by the end users. In this context we also present a 

collaborative web-based platform for video ground truthing which integrates the 

stand-alone tools and provides an easy and intuitive user interface that allows plain 

video annotation and instant sharing/integration of the generated ground truths, 

in order not to only alleviate a large part of the effort and time needed, but also to 

increase the quality of the generated annotations. 

These tools are specifically thought to help users in collecting annotations 

thanks to the introduction of simple interfaces, which considerably improve and 

facilitate their work, also by integrating novel methods for quality control, but still 

remain a burdensome task with regard to  the attention and time needed to obtain 

good records. 

To motivate the users and relieve them from the tiresome task of making 

manual annotations, we devised strategies to automatically create annotation by 

processing data from the crowd. To this end we initially develop an approach 

based on an online game to collect big noisy data. By exploiting the information, 

we then propose data-driven approaches, mainly based on image segmentation 

and statistical methods, which allow us to obtain reliable video annotations by 

using low quality and noisy data gathered quickly and easily from the game. Also 

we demonstrate that the quality of the obtained annotations increases as more 

users play with the game making it an effective and valid application for the 

collection of consistent ground truth data.  
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CHAPTER 1 

Literature overview 

 

1.1 Introduction 

Ground truth generation is a fundamental task in the design and testing of 

computer vision algorithms, thus in the last decade the multimedia and, more in 

general, the computer vision community have developed a disparate number of 

annotation frameworks and tools to help researchers in collecting datasets, which 

are then used in the tasks of image segmentation, object detection and tracking, 

face recognition and classification. The majority of the existing approaches for 

ground truth generation are “ad-hoc” tools created by isolated research groups, 

and as such, they are designed to fulfill specific requirements. The main limitations 

of these methods can be summarized as: 
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 the very simplistic quality control on annotations, since no means to 

evaluate the reliability of the user’s work are considered; 

 the lack of an efficient way to integrate annotations of the same 

object made by different users and, above all, a design conceived 

specifically for still images and not videos; 

 the inability at generating large scale ground truth datasets because 

these methods exploit the effort of a limited number of people and 

do not support the sharing and propagation of labeled data. 

Starting from these concerns, in the following sections an analysis of the 

existing approaches for ground truth generation is given. 

 

 

1.2 Tools for ground truth generation 

With the rising popularity and success of affordable and massive data sets of 

labeled video in computer vision, the community has put considerable effort for 

designing efficient visual annotation tools.  

There exist, in the literature, a few attempts, such as Caltech 101 and 256 [9, 

10] and the Berkeley Segmentation dataset [11], produced by some vision groups 

that have collected consistent annotated datasets, which, however, are too task-

oriented and cannot be generalized since only segmentation algorithms can be 

evaluated, taking into account standard error measure for assessing their 

performance. 

  

To reach the objective of creating more diverse and larger annotated datasets, 

several methods, exploiting large population of expert and motivated users, have 

been proposed [12, 13]. Generally, these methods rely on specific tools and 



Chapter 1 - Literature overview                                                                                       13 
 

algorithm mainly conceived to meet the need of self-motivated investigators, 

which have extensive knowledge in computer vision research field. Since these 

techniques are based on quite complex architectures and interfaces, other 

approaches, which involve non-experts users, have been proposed [1, 14]. These 

approaches include crowdsourcing techniques which, however, lack mechanisms 

both for assessing the reliability of annotators and for combining multiple users’ 

annotations. Moreover, most of the above approaches are not user-centric, being 

tailored to a specific task and not adapting to users’ needs [15].   

In addition, most of the common stand-alone approaches which include, for 

instance, ViPER-GT [17], GTVT [2], ODViS [18], are useful for specific 

application contexts, such as image labeling and object tracking, but lack any data 

sharing capabilities and they cannot be used for generating large scale ground 

truth datasets.  

One of the most used application for this purpose is ViPER-GT [17], which 

is a baseline application for gathering ground truth data stripped of any intelligent 

method for assisting the annotation task. It relies only on its simplicity and its 

standard file format (XML), which contain all video metadata information inserted 

by the user. The tool provides a user interface with a spreadsheet representation 

of objects’ data, timeline panels to navigate the video and view objects’ life span, 

and metadata propagation features across multiple frames.  

Although ViPER is widely used, it does not support automatic or semi-

automatic processing, which might be implemented by adding a basic object 

detection/tracking algorithm to give hints to the user about likely object locations 

or tracking associations (although, of course, user supervision is still required to 

guarantee the correctness of the results). Furthermore it is a stand-alone 

application which does not provide any practical means to integrate different 

datasets and share them with other researchers.  
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In [19], the authors propose a ground-truth generation tool which employs 

very simple object detection and tracking algorithms to retrieve only object’s 

bounding boxes and associate them across frames, yet allowing the user to add, 

delete or resize the bounding boxes and edit the associations. The major drawback 

of this approach consists of the absence of any annotations’ quality control and in 

the possibility of using the framework only for specific video-surveillance 

applications.  

The GTVT tool, described in [2],  aims at improving the user experience with 

respect to ViPER. Although the tool shows a user-friendly interface for 

interacting with the framework, it is strictly designed for users who have some 

background of computer vision and does not allow to select ground truth for 

object that were not detected by the video-surveillance application under 

consideration. Also, no tracking information is managed for the labeled object in 

the image sequence. 

On the other hand, ODVis [18] provides an interactive framework capable of 

supporting researchers to integrate video-surveillance modules, observe the 

behavior of these modules as they track and recognize events, interactively adjust 

tracking results and define ground truth data, as well as analyze the performance 

of tracking systems using a number of different error metrics. 

In spite of the efforts to give users an effective method for template-based 

tracking approaches evaluation, many other ODVis functionalities should be 

extended in order to generalize the application context by allowing the system to 

support more video formats (e.g MPEG, FLV), to import/export the generated 

output file format and to integrate camera calibration information to relate the 

position of tracked structure across multiple views. Also, ODVis do not support 

any mechanism for performance evaluation of object detection algorithms, since it 

focuses only on tracking and event detection purposes. 
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Finally, in [20] two methods, namely Minimean and Minimax, are proposed to 

generate consensus ground truth for real images, which can be used for 

comparing edge detection techniques. The main drawbacks of this method are 1) 

the usage of the system specifically targeted to still images and not videos and, 2) 

the system seems to be suitable only for task-oriented purposes (e.g. edge 

detection) and cannot be generalized for recognition, classification and 

segmentation tasks. To overcome all these limitations, in recent years several semi-

automatic tools, which integrate reliable object detection and tracking algorithms, 

have been proposed for supporting video annotation with the aim of minimizing 

users’ involvement in gathering ground truth data, and ensuring high-quality 

labeled objects. 

In the next section a review of the most renowned methods designed for 

these purposes is given. 

 

 

1.3 Semi-automatic methods 

Semi-automatic approaches concern all those methods which integrate 

specific image processing techniques (such as object detection and tracking 

modules) that might help user in gathering annotations in a simpler and more 

immediate fashion. As we previously discussed, the scientific community has put a 

lot of effort in designing efficient and affordable platforms to minimize the 

cognitive load of the user, still providing trustworthy ground truth data collection. 

In line with this goal, much research has been carried out to build specialized 

interfaces tailored for video annotation. On the other hand, the rapid growth of 

the Internet have also favored, in the last years, the expansion of web-based 

collaborative tools, which take advantage of the efforts of large groups of people 
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in collecting labeled datasets. In [12] the authors introduced an early description of 

LabelMe, a database and an online annotation tool that allows the sharing of 

images and annotations providing functionalities such as drawing polygons, 

querying images, and browsing the database.  Since the proposed tool was 

designed only for annotating images and not videos, in [21] the web-based 

platform was upgraded to be able to provide high-quality video labels with 

arbitrary polygonal paths using homography, preserving linear interpolation, and 

generating complex event annotations between interacting objects. However, 

LabelMe lacks intelligent mechanisms for quality control and integration of user 

annotations. In fact, quality control is achieved by a simple approach that counts 

the number of annotation landmarks, and it does not exploit the full potential of 

its collaborative nature (being a web-based platform) since annotations of multiple 

users of the same object instance are not combined. In fact, the LabelMe dataset, 

though being one of the largest datasets available, is notably inaccurate. As for 

previous tools, LabelMe was designed specifically for still images and although the 

video based version has been proposed in [21], it has not reached the same 

success of the image based version.   

Similarly, in [22] the FlowBoost tool is presented. The method starts from a 

sparse labeling of the video, and alternates the training of an appearance-based 

detector with a convex, multi-target, time-based regularization. The latter re-labels 

the full training video in a manner that is both consistent with the response of the 

current detector, and in accordance with physical constraints on target motions. 

Although the proposed tool is able to cope with geometrical poses of greater 

complexity, only the location in the image plane, without variations in scale or 

orientation can be considered.  

Agarwala et al. in [23] propose an original approach that uses a tracker as a 

more reliable, automatic labeling scheme compared to linear interpolation. The 
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peculiarity of this approach lies in the combination of computer vision techniques 

together with user interaction allowing the system to effectively track any 

sequence of images reducing user involvements and providing better reliability 

than “pure” computer vision systems. Although innovative and useful, the 

proposed method is not able to guarantee any quality control for the labeled 

objects. Also, there are many problems in computer vision and graphics in which 

fully-automated techniques produce imperfect results: in this case the user 

intervention becomes essential, significantly increasing his workload. 

Again, Buchanan and Fitzgibbon in [24] discuss efficient data structures that 

enable interactive tracking for video annotation, while Fisher [25] simply discusses 

the labeling of human activities in videos where the sequences regard a public 

space surveillance task, and are ground truth labeled frame-by-frame by 

considering  the bounding boxes and some semantic description of the activity in 

each frame. 

In [26], a large benchmark video database of annotated television programs 

(TRECVid) was suggested, to support Video Retrieval Evaluation. What is 

important to highlight is that the proposed architecture allows a comparison of 

the collected data with others in an open, metric-based environment. Thus they 

provide shared data, common evaluation and often also offer collaboration and 

sharing of resources. 

Finally, in [27], the authors present an approach for automatically collecting 

training data for human actions in Hollywood movies, showing that this data can 

be used to train a classifier for action recognition. The proposed method scales 

easily to a large number of action classes, providing a convenient semi-automatic 

tool for generating action samples with manual annotation. Since their 

methodology is strictly related to human actions, much more efforts should be 
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made to extend the application field and to improve the robustness of the 

proposed classifier to noisy training labels.  

While all the above tools are effective at building large datasets, an important 

issue to deal with concerns the cost to obtain high quality labels, sensibly reducing, 

at the same time, the workload of the user. In fact, in order to scale up to the next 

generation of datasets, a system that should be able to guarantee high quality 

annotation is needed, without exhausting the scientific community’s funding and 

tiring our workers. 

To address this last topic, in the next sections, a detailed review of the label 

propagation methods together with some of the most renowned approaches based 

on crowdsourcing, is given.   

 

 

1.4 Label propagation methods 

The fundamental reason to investigate label propagation methods is the need 

of reducing the manual effort in the labeling process. Generally, the process of 

inferring images’ labels from community-contributed images and noisy tags is 

performed by considering the available small dataset of labeled data as a reference 

and attempting to classify the large dataset of unlabeled images through a set of 

specific semantic methods to extend the dataset of labeled data. 

To this aim, in recent years, multimedia researchers have engaged in machine 

learning techniques to improve image annotation performance, paying special 

attention to techniques to access, organize and extend the massive image labeled 

datasets available. However, the effectiveness of these machine learning 

techniques heavily relies on the availability of a sufficiently large set of labeled 

samples, which typically comes from a large group of heterogeneous users in an 
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interactive, manual process. Instead, this data is often available on  small 

quantities, while unlabeled data may be abundant, hence much research has been 

directed towards the exploitation of unlabeled data together with labeled data with 

the aim of inferring new annotations from the set of labeled visual content.  

To this purpose, many semi-supervised learning or active learning approaches 

have been proposed [28, 29].  

Also, many traditional methods, such as the support vector machine and k 

nearest neighbors (kNN) method, have been applied to infer images’ labels from 

the user-shared images and associated tags, starting from the assumption that 

closed data points tend to have similar class labels. By exploiting this simple 

concept, in [30] the author dealt with the semantic labeling problem by using an 

SVM-based scheme to transfer the massive 2D image labels from ImageNet [31] 

to point clouds. Also they proposed a graphical model to integrate both the intra-

image and inter-image spatial context in and among reference images to fuse 

individual superpixel labels onto 3D points. 

To annotate the images more accurately, in [32] the authors propose an 

innovative, sparse graph-based semi-supervised learning method which uses the labeled 

and unlabeled data at the same time, proving that the method is more effective 

than purely supervised learning when the training data is limited [33, 34]. Graph 

based semi-supervised learning methods [32] for image annotation are also used in 

[28, 35], but they show a common disadvantage, that is they all have certain 

parameters which require manual tuning. Similarly, one of the most typical 

approach involves the adoption of Gaussian Random Field (GRF) and harmonic 

function methods as well as the local and global consistency [36], which, as in the 

previous cases, needs some specific parameters to be manually adjusted. On the 

contrary, in [37], the same issue is addressed under a different point of view. In 

fact, the proposed work is concerned with the question on how to make a better 
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use of the provided labels already in the early stages of popular semi-supervised 

learning techniques. Here, the main contribution consists of employing a metric 

learning approach to improve the construction of a graph which exploits the 

neighborhood structure to identify highly connected nodes leading to a consistent 

improvement in performance. In fact, graph-based methods are very popular in 

semi-supervised learning due to their well-founded theoretical background, 

intuitive interpretation of local neighborhood structure and strong performance 

on a wide range of challenging learning problems. Also, the authors proposed 

methods of querying more informative labels based on domain knowledge 

following an approach that is complimentary to traditional active learning settings. 

Again, in [38] a comparison between local linear neighborhoods and global 

linear neighborhoods approaches is given, showing how the global structures 

among the data points, ensure more robust and reliable similarity graphs for label 

propagation. 

Finally, a probabilistic collaborative multi-label propagation formulation for 

large-scale image annotation, which is founded on Kullback-Leibler divergence 

based label similarity measurement and scalable l1-graph construction, is proposed 

in [39]. By using a locality sensitive hashing-based scheme [40, 41, 42] the 

construction process of the l1-graph becomes scalable and faster, with respect to 

the candidate selection of similar neighbors for one image.  

Since the available datasets of labeled data are usually obtainable from the 

Web, the most widely used procedure [43, 44] is to query an image by first search 

for similar images and then mine representative and common descriptions from 

the surrounding tags of these similar images as the annotation for the query image. 

In line with this theory, Torralba et al. in [45] claimed that with enough number of 

samples, the simple nearest neighbor classifier can achieve reasonable 

performance for several object and scene detection tasks, when compared with 
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the more refined state-of-the-art systems. However, the assignment of only one 

noun to each image and the use of 32-by-32 pixels image lacks to reflect the 

complex content of real-world scenarios. 

To overcome these limitations, the linear neighborhood propagation method 

[46] has been considered in which the sample reconstruction method is used to 

construct a graph. It has been proved that in most cases, linear neighborhood 

propagation is more effective and robust than the traditional semi-supervised 

methods on similarity graphs [47], but still cannot handle the links among 

semantically unrelated samples. As a consequence, visual similarity does not 

guarantee semantic similarity, which in general is conflicting with the behavior of 

many generative-based image annotation tools. To this aim, in [48] a solution to 

the mismatch problem between semantic and visual space has been proposed. 

Starting from the assumption that each unlabeled image corresponds to one topic 

implied by the training image, the method adaptively models a local multi-label 

classification indicator function which captures the keyword contextual 

correlations and also exploits the discrimination between visual similar concepts. 

Though innovative and reliable, unfortunately the procedure of finding the 

neighborhood of an image for large datasets, is a very time-consuming task. Also 

no information is gathered by exploiting the Web which could enhance the 

estimation of semantic and visual similarity.    

 

 

1.5 Crowdsourcing methods 

Crowdsourcing methods are defined as a set of practices aiming at obtaining 

needed services, ideas, or content by soliciting contributions from a large group of 

people (also from the Web community), rather than from traditional employees or 
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suppliers. This process is often used to subdivide tedious work by combining the 

efforts of numerous self-motivated volunteers or part-time workers, where each 

contributor of their own initiative adds a small portion to the final result.  

The use of this kind of methodologies has the objective to allow the 

collection of raw but, at the same time, meaningful data which can be used to 

address the tedious task of collecting ground truth in order to enable the build up 

of large scale annotation datasets.  

Since these methodologies typically rely on users’ motivation and quality 

control for creating reliable image and video annotation, the scientific community 

has turned a lot of attention on crowdsourcing to human resources (non-experts) 

[49, 50] demonstrating the utility of this approach with respect to the annotation 

task. Nevertheless, two main aspects have to be taken into account when 

crowdsourcing: workers’ motivation and quality control. The easiest and most 

natural way to motivate people is paying them for their work. This strategy is 

applied by Amazon’s Mechanical Turk service [14], which has revolutionized static 

data annotation in vision, and enabled almost all large-scale image data sets 

collected since then to be labeled [51, 12, 52], and CrowdFlower [53].  

A valid alternative for workers motivation is personal amusement: this is the 

case of the ESP and Peekaboom games [54, 55] which exploit players’ agreement 

(randomly pairing two players and let them guess each other’s labels) to collect 

ground truth data. While fun, these games aim at producing high level labels 

which describe the contents of the image, providing no means to acquire lower 

level data (e.g. object contours). Moreover, these games do not offer any means of 

quality control and the annotation integration mechanisms adopted are rather 

primitive. 

In [56], a Bayesian generative probabilistic model for the annotation process 

is proposed. The major contribution of this work lies in the improvement of the 
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current state-of-the-art methods for crowdsourcing by introducing a more 

comprehensive ad accurate model of the human annotation process. In particular, 

the authors gained insight into this procedure by learning a richer representation 

that distinguishes amongst the different sources of annotator error. Despite the 

possibility to infer not only the class of an image, but also parameters such as 

image difficulty and annotator competence and bias, the proposed work considers 

only binary labels of image from many different annotators, lacking in an effective 

mechanism to integrate and also validate annotations deriving from different 

categories of users. 

In fact, besides workers motivation, another concern of crowdsourcing 

solutions is the quality control over annotators, which has been tackled with 

different strategies that can be summarized [57] as: Task Redundancy (ask multiple 

users to annotate the same data), User Reputation and Ground Truth seeding (i.e. 

coupling ground truth with test data). Although these solutions are able to build  

large scale datasets, they might be very expensive and contain low quality 

annotation since workers (even if paid) are not as motivated as researchers. 

To this end, Vondrik et al. in [50] outlined a protocol for generating high-

quality annotations by classifying the workers into three types and describing 

methods for identifying each: good workers who are honest and skilled; bad 

workers who are honest but unskilled and ugly workers who are dishonest and 

cheaters. Thus, the aim of this protocol becomes to eliminate bad and ugly 

workers, which unfortunately cause a decrease of the throughput. To overcome 

this limitation, the authors also propose a mechanism based on workers 

compensation with respect to the workload needed for labeling more or less 

objects also considering the related difficulty. Even in this case, a policy for 

rejecting bad annotation is used to inform workers about the possibility  to discard 
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poor work and this is a strategy to motivate workers in advance to produce high 

quality labels.  

Similarly to this last work, but consistently saving a lot of money to provide 

reliable annotations, in [58] the authors explored the use of Amazon’s Mechanical 

Turk system [14], to provide a cheap and fast evaluation of non-expert 

annotations for natural language tasks. As a result, they showed high agreement 

between Mechanical Turk non-expert annotations and existing gold standard 

labels provided by expert labelers, founding that from many tasks, only a small 

number of non-expert annotations per item are necessary to equal the 

performance of an expert annotator (e.g. 4 non-expert labels per item in order to 

emulate expert-level quality for a recognition task). 

However, it is not so simple to convince users to be involved in the 

annotation task, especially if no money is available. For this reason in Chapter 3, a 

set of crowdsourcing approaches based on personal amusement will be discussed.  
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CHAPTER 2 

Semi-automatic ground truth 

generation 

2.1 Introduction 

In order to support users in dealing with the onerous task of ground truth 

generation, several tools have been developed to provide them a set of simple and 

intuitive graphic interfaces to detect and draw object features such as contours, 

bounding boxes, membership class, tracking information and, more in general, 

object metadata. As we already said, one of the most common application 

designed for these purpose is ViPER [17] which provides a standard XML file 

containing object metadata information inserted by the user. Starting from this 
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assumption, the application described in the following sections, called GTTool [7], 

aims at: 

 providing an easy-to-use interface, specific for generating ground 

truths for object detection, segmentation, tracking and classification; 

 improving the user experience with respect to ViPER, by showing 

two panels, each containing a frame at a different time, thus allowing 

the user to compare a frame’s annotations with those from a 

previous or following frame, and providing quick methods to specify 

object associations and perform attribute propagation (e.g. hotkeys, 

drag-and-drop); 

 integrating automatic tools for object segmentation and tracking, 

effectively reducing the number of objects/frames to be manually 

analyzed;  

 error handling by allowing the users to correct and edit their 

annotation whenever they want; 

 supporting ViPER XML format, for ground truth importation. 

To evaluate the performances of our approach in Chapter 4 we show a 

comparison between GTTool and ViPER concerning the generation of ground 

truth for a video file. To be more precise, our evaluation approach is based on the 

assessment of time required to label the video with each tool and on the accuracy 

analysis of the generated contours, compared with those obtained from a higher 

resolution version of the videos.  

Below the details of the proposed application together with the peculiarities 

of the user interface are given. 
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2.2 GTTool 

The proposed tool relies on a modular architecture (Fig. 2.1) which allows 

users to define the ground truth by using an easy graphical user interface (GUI). 

The developed application integrates a number of computer vision techniques, 

with the purpose of enhancing the ground-truth generation process in terms of 

both accuracy and human effort. In particular, Active Contour Models (ACM) are 

integrated to automatically extract objects’ contours; object detection algorithms 

and state-of-the-art edge detection techniques are employed in order to suggest to 

the user the most interesting shapes in the frame. Moreover, by using a two-

window GUI layout, the application enables the user to generate tracking ground 

truth through straightforward drag-and-drop and context-menu operations. The 

user can also open previous ground-truth XML files in order to add new objects 

or edit the existing ones and save the performed improvements to the same or a 

new file. 
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Figure 2.1 – Ground truth generation flowchart 

 

2.2.1 Automatic contour extraction 

In order to make ground truth generation faster, automatic contour 

extraction techniques have been integrated. In particular, when the object’s 

boundaries can be clearly identified (i.e. the object’s border colors differ 

substantially from the background in its vicinity), the application is able to 

automatically extract the object’s contour by using one of the following methods: 

 Snakes [59]; 

 GrabCut [60]; 
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 Snakes with Canny contour enhancement. 

To accomplish this, the user has to draw just a bounding box containing the 

whole object and choose one of the available techniques for automatic contour 

extraction from the corresponding panel (Fig. 2.2). 

 

 

Figure 2.2 – GUI for automatic contour extraction 

 

2.2.2 Manual contour extraction 

As in nearly every common ground-truth generation application, the 

developed tool allows the user to draw ground truths manually by using the pencil 

tool or the polygon tool to trace the contour of an object of interest.  

Though slow and tedious to the user, the usage of these tools is often 

necessary, because the automatic contour extraction methods may fail to segment 

correctly the objects of interest. 
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2.2.3 Automatic object detection and tracking 

While automatic contour extraction allows the user to extract object contours 

in an automatic and easy way, object detection aims at identifying possible 

interesting objects, and to do so the Gaussian Mixture Model algorithm (GMM) 

[61] is employed. At each new frame, the GMM algorithm detects moving objects 

and allows the user to automatically add the detected objects’ contour to the 

generated ground truth by using the object’s context menu (Fig. 2.3). Because the 

GMM algorithm needs to be initialized with an adequate number of frames, this 

method performs progressively better in later stages of long video sequences. 

 

 

Figure 2.3 - Automatic Object Tracking and detection: In the top row the output of the tracker is 
shown, while in the bottom row the output of the automatic detection module is shown. 

 

In conjunction with the GMM algorithm, CAMSHIFT [62] is used to 

generate automatic object tracking ground-truth data. The algorithm takes as input 

the objects identified in the previous frames and suggests associations with the 

objects localized (either manually or automatically) in the current frame (Fig. 2.3). 

As in the case of automatic object detection, the user is always given the choice to 

accept or refuse the suggested associations. 
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2.2.4 Manual object tracking 

As aforementioned, the two-window GUI layout makes the task of creating 

tracking ground truth easier to the user. The right window always shows the 

current frame, while in the left window the user can select one of the previously 

labeled image. By using the right window’s objects’ context menus, the user can 

specify the associations to the objects in the left window (Fig. 2.4). 

 

 

Figure 2.4 – Manual object tracking 

 

2.2.5 Metadata definition 

Besides object segmentation and tracking, it is possible to add arbitrary 

metadata, such as for classification purposes, by defining labels and assigning 

values to each object. When used in conjunction with tracking, this metadata is 
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automatically propagated across all instances of an object, thus requiring the user 

to specify them only once. 

The set of annotations added to a video can be exported to an XML file, for 

example to simply store it or to share it with others. An example of the XML 

format we use is shown in Fig. 2.5. In order to make the adoption of GTTool 

easier to ViPER users, the application allows to import and convert ViPER files to 

GTTool’s schema, so no loss of previous work occurs when switching from the 

former to the latter. 

 

 

Figure 2.5 – Example of GTTool’s output XML file 
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2.3 PERLa 

Starting from the previous work, we subsequently propose a web-based 

collaborative approach for video annotation, which is based on the same 

architecture of GTTool, but it has been mainly conceived to integrate effective 

method for quality control of the collected data and for the combination of 

multiple users’ annotations.  

This tool, currently, is being used to collect large scale ground truth on 

underwater video footage gathered for the Fish4Knowledge project1 which aims 

at developing automatic video and image analysis methods to support marine 

biology research. 

The strengths and limitations of the existing video and image annotation 

approaches have been largely discussed in the previous sections, in the following 

subsections we first describe the proposed framework, highlighting functionalities 

and improvements with respect to the state-of-the-art, then the collected content 

on the aforementioned underwater environment is presented. The performance 

analysis is instead given in Chapter 4 where a detailed analysis concerning the 

accuracy of the generated ground truths, the efficiency of the platform in 

collecting annotations, its learnability and user satisfaction is given. 

 

2.3.1 General description of the web annotation tool  

The proposed tool2 is a web-based collaborative environment which allows 

users to share their own annotations with others accelerating high quality video 

ground truth generation process by increasing/integrating the number of 

annotations in a sort of inherent user supervision. 

                                                             
1 www.fish4knowledge.eu 
2 http://f4k.ing.unict.it/perla.dev 
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Given an input video stream, our platform extracts video frames and 

provides a set of utilities to annotate each video frame and to follow objects 

across frames. It is a rich internet application, based on a standard client-server 

architecture: the client is implemented in Silverlight while the server’s logic and 

the communication with the database is developed in C#. 

In the next subsections a more detailed description of the proposed 

application’s GUI is given.   

 

2.3.2 The workspace 

Immediately after login, the user is presented with a private workspace where 

it is possible to review past activities (Fig. 2.6).  

 

 

Figure 2.6 – User workspace in PERLa 

 

The workspace serves also as a shortcut to the labeling operations already 

performed and is divided in the following sections: 
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 Bookmarks: the use of bookmarks is necessary to reference videos 

in case of large video collections as the one previously discussed, 

which contains about half million videos; 

 Ground Truths: in this section (Fig. 2.7), the user can manage the 

ground truths that she owns. In particular, by using the context 

menu’s option a user can create a new ground truth, modify a 

previously generated one, or derive a new ground truth from an 

existing one. Moreover, the context menu deals with the 

collaborative aspect of the platform by allowing the users to make 

available their ground truths to the other users of the platform. In 

this way, the users can benefit from the existing annotations and 

apply the appropriate changes instead of having to generate a new 

ground truth from scratch. 

 

 

Figure 2.7 – The ground truth management part of the application. In this section, the videos for 
which the user created at least one ground truth are included 
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2.3.3 Video selection 

By clicking on the “Detection—Tracking Ground Truth”, the user is 

presented with the video selection screen (Fig. 2.8) where it is possible to browse 

all the available videos, filter them according to specific criteria, bookmark them 

and start the annotation application. The search engine allows users to limit the 

number of the shown videos by defining criteria regarding the videos’ resolution, 

acquisition time, enabling the user to select videos with specific features (e.g. day 

or night) and the exact date of the acquisition. 

 

 

Figure 2.8 – The video selection window 

 

2.3.4 Ground truth generation 

Once the user identifies the videos she wants to create ground truth for, she 

can initiate the labeling process by launching the annotation application. This part 

of the platform permits to create annotations by using multiple windows. Each 

drawing window (Fig. 2.9, top left) shows one image and, by using the available 

toolbox (Fig. 2.9, bottom), annotations can be drawn on it. 
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Figure 2.9 – Top left: A drawing window that shows an image to be annotated. The Next and 
Previous button and the slider located at the bottom of the windows allow the user to navigate 

through the video. Top right: A labeling window aiming at supporting the user to annotate sub-parts 
and for adding textual metadata to the designed object. Bottom: The toolbar. From left to right the 

bounding box selection, pencil, rectangle, polygon and eraser tools  

 

2.3.5 Object detection ground truth and contour drawing 

The proposed application offers the basic tools (polygon and pencil) to 

support users in the task of manually drawing object contours. However, manual 

annotation is discouraging in lengthy image sequences where the numbers are 

overwhelming. For example, one of the most populated videos in our repository, 

contained about 18,000 fishes on a 10 min, low resolution, 5 fps video clip. Under 
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these conditions any means assisting users in drawing object contours as 

efficiently as possible seems necessary. To this end, the proposed tool implements 

three automatic contour extraction methods, Grabcut [60], Snakes [59] and Canny 

[63]. These algorithms were chosen because not only they are well established and 

tested methods for contour extraction, but also they offer the best ratios in terms 

of resources and quality of the results. The automatic contour extraction can be 

applied by drawing the bounding box containing the whole interesting object, 

right clicking on it and selecting from the “Contour Extraction” sub menu one of 

the available methods (Fig. 2.10). This is a trial-and-error process that does not 

always yield the desired result, because the success of the automatic image contour 

extraction algorithms depends on the type of image used on (image color patterns, 

contrast etc.). 

In case of automatic contour extraction failure, the user can resort to the 

manual drawing tools. 

 

 

Figure 2.10 – Semi-automatic contour extraction applied on the center drawing window’s image 
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After an object is drawn, the user can further annotate subparts of it (Fig. 2.9, 

Top left) by employing the same tools described above. Furthermore, from the 

same window, the user is able to add textual metadata to the object (that are 

included in the exported XML file) that can be useful in other image processing 

contexts (object recognition, image segmentation, information retrieval etc.). 

 

2.3.6 Object tracking ground truth 

In the proposed tool, the ground truth generation for object tracking exploits 

the capabilities of multiple windows applications in order to implement an easy-

to-use and intuitive way to follow objects across consecutive frames. In particular, 

to be able to annotate multiple instances of the same object in consecutive frames, 

the user must arrange side-by-side multiple drawing windows. When the user 

places two windows with their boarders in direct contact, they become, what we 

call, a “drawing chain”. While chained, the Next and Previous buttons and the 

sliders of all the drawing windows are disabled except from the last one’s (the 

rightmost), which serves as a control to navigate through the image sequence. 

Moreover, all the chained windows maintain all the drawing functionalities as if 

they were unchained. When an adequate, for the user’s needs, chain is formed the 

user must draw an object and bring up the context menu by right clicking on it, 

then select the voice “Tracking” and select an object from the previous frames she 

wants to assign the clicked object to (Fig. 2.11). 

When used in high resolution desktop setups, the application can create 

multiple long chains (as shown in Fig. 2.11) of successive frames in the same 

annotation instance (about 3 chains of 6 windows using a 1920×1080 resolution, 

more on a multi-monitor setup). 
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Figure 2.11 – A three-window chain for tracking ground truth generation 

 

 

Figure 2.12 – Three independent six-window chains 

 

2.3.7 Combining users annotations 

The collaborative nature of the proposed tool implies that there may exist 

multiple annotations of the same object. Such multiple annotations are combined 
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in order to produce a much more accurate object representation since we can 

safely assume that combined opinions are more objective than single ones [64, 65]. 

The underlying idea is that for each video clip we can have more ground 

truths, annotated by the same or different users, which are integrated by adopting 

a voting policy in order to generate the one herein called “best ground truth”. 

The “best ground truth” (BGT) building process (see Fig. 2.13) involves two 

basic steps: i) add new annotated objects to the BGT, ii) integrating objects’ 

contours. 

 

 

Figure 2.13 – Flowchart of the “best ground truth” building process 



Chapter 2 - Semi-automatic ground truth generation                                                       43 
 

Let us suppose that the BGT has been already built for a given video V and a 

user annotates V again. For each new annotated object A, two cases may occur: 

 New object instance. The object A has been never annotated and it 

is added directly to the BGT. This exploratory strategy avoids limiting 

the number of objects on each ground truth; however, to prevent 

noisy ground truths, each object instance in the BGT comes with a 

number describing the number of annotators that have labeled it 

over the total number of annotators, thus allowing us to filter out the 

object instances which have received few annotations; 

 Existing object instance, i.e. there is already an instance (referred 

in the following as GT) of object A in the BGT. In this case we 

assess a matching score between object A and object GT and if this 

score is greater than a given threshold (in our case 0.75) the contours 

of A will be combined with the ones of GT. The matching score is 

computed as weighted mean of the two following measures: 

- Overlap Score. Given the object A and the corresponding 

object GT of the best ground truth BGT, the overlap score, 

Oscore, is given by: 

 

       
          

          
                        

 

- Euclidean Distance Score. Pairwise Euclidean distance between 

A points (X, Y), with (Xi, Yi) є A, and GT points (x, y), with 

(xi’, yi’) є GT, computed as: 
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Usually, a resampling procedures is applied, in order to equal the number of 

points in the two contours. 

The objects’ contours combination is based on the assumption that the “best 

ground truth” contours are more accurate than the new ones since they result 

from the combination of multiple annotators. In detail, once a new object is 

considered for being part of the “best ground truth” (see above) its contours CA 

are combined with the contours CGT of the corresponding “best ground truth” 

object to form the new object contours CNGT, where each point is computed as: 
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where ωA є [T, 1] (where T is the threshold described above, and is set to 

0.75) is the matching score between A and GT computed as above described and 

N is the number of different annotations for that given object. Figure 2.14 shows 

the result of a combination of four annotations (one belongs to the already 

existing best ground truth) on the same object, whereas Fig. 2.15 shows how 

object contours evolve as the number of annotators increases. 
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Figure 2.14 - Combination of annotations for building a “best ground truth” object. On the left there 
are four annotations: three (black, yellow, red) from different users and one (blue) belonging to the 
already existing best ground truth. On the right, the resulting contour to be assigned as the new best 

ground truth 

 

 

Figure 2.15 – Object contours quality improvements as the number of annotators gets bigger 

 

Finally, a quality score is assigned to the user (Uqs) that represents her ability 

in ground truth creation, equal to: 
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where N is the total number of objects that the user has drawn, NGT is the 

number of the created ground truths, qi is the quality of the ith ground truth and ni 

is the number of objects belonging to that ground truth. 

 

2.3.8 Data content 

The proposed tool has been conceived for ground truth data collection 

within the Fish4Knowledge project, whose video repository holds more than half 

a million videos at different resolutions and frame rates. Those videos are acquired 

by eight high definition underwater cameras that are set to work 24/7. 

 

 

Figure 2.16 – Histogram of the number of images with respect to the pixel coverage 

 

At the moment, our database contains 55 annotated videos with 55.332 

annotations (about 2,900 different objects) in 24.136 video frames, collected by 

several users with our web-based tool, which is online since July 01, 2012. 
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Figure 2.16 shows the histogram of the total number of annotated images 

with respect to the percentage of labeled pixels. In particular, 10.034 frames have 

less than 10% of pixels labeled and no image has more than 60% of pixels labeled. 

The histogram of the number of images per the number of objects in these 

images (see Fig. 12), instead, shows that there exists a high number of images with 

only one annotation (a little more than 11.000). 

 

 

Figure 2.17 – Histogram of the number of images with respect to the number of objects present 

 

Currently, the tool’s database is constantly growing up, since more and more 

new users are working on the annotation of new image sequences. At the current 

rate, we estimate that about 350 10-min videos annotated by the end of 2013, 

resulting in about 500.000 annotations of about 25.000 different objects. 
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CHAPTER 3 

Crowdsourcing approaches 

3.1 Introduction 

As discussed in Chapter 1, all the tools for collecting ground truth proposed 

by the scientific community do not meet some  important requirements: 

 to generate cheap and mid to high quality annotation in the least 

amount of time possible; 

 to involve workers through individual gimmicks that will enhance 

their motivation; 

 to provide a significant quality control with respect to the produced 

work.  
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In line with the growing number of users which use the Web and considering 

the need of relieving the operators from the onerous task of gathering annotation 

for testing computer vision algorithms, in the following subsections a set of 

crowdsourcing methods are proposed. 

We first start by exploiting the peculiarities of the “Flash the Fish” online 

game [66], where the user is shown videos from underwater environment and has 

to take photos of fish by clicking on them. The collected “clicks” are then used to 

drive some computer vision techniques for automatic image segmentation based 

on Gaussian Mixture Model (GMM), exploiting visual features around the 

gathered points. 

More specifically, the main contributions of the proposed work are: 

 to show that reliable video annotations can be derived by using low 

quality and noisy data gathered quickly and easily by playing with the 

game;  

 the integration of crowdsourcing and user quality control methods to 

provide a valid support for creating reliable image and video 

annotations; 

 to show that the quality of such annotations increases as more users 

play with the game, making it an effective and valid crowdsourcing 

application for the collection of ground truth data. 

In the next paragraphs, a description of the Flash the Fish game focusing on its 

advantages over classical video annotation applications is given. Then the ability 

of the game to generate accurate annotations starting from big-noisy data is 

described. Finally, for assessing the performances of the proposed approaches, we 

refer to Chapter 4 in which a comparison of the collected data with the hand-

drawn ground truth, is discussed.  
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3.2 Online Game for Ground Truth Generation 

Flash the Fish exploits the amusement strategy to generate large scale object 

detection ground truth. 

Playing with the game is simple: the user is presented a segment of an 

underwater video and she has to take photos of the fish, by clicking on them (Fig. 

3.1) gaining as many points as possible. The user needs to gather a certain score to 

advance to the next game levels. Each “photo” contributes in estimating the 

presence or absence of fish at the corresponding point in the video. 

 

 

Figure 3.1 - The game’s interface. On the top left, the manometer shows the oxygen remaining (time) 
before the level ends. On top, the acquired points and on the top right three button controls to pause 

the game, mute the music and the sound effects, respectively, can be seen. On bottom left, the last 
taken photo is shown and on bottom the points needed to advance to the next level are shown. 
Finally, the central area shows the video and the camera’s shutter, which is center on the mouse’s 

pointer.  
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The game consists of 7 different levels of progressively increasing difficulty. 

Every time a game session starts, a list with 7 random selected video segments, 

taken from our repository that contains more than 600.000 10-minute videos, is 

generated. The first level serves the role of assessing the skills of the player (see 

next section) and has an initial frame rate of 5 FPS and the time available is 35 

seconds. At each successive level the frame rate of the video segment is increased by 

one, while the time available is reduced by 2 seconds, to a maximum of 11 FPS and 

a minimum of 23 seconds at the seventh and last level. The game can be found at 

http://f4k.dieei.unict.it/fish_game/. 

In order to make the game more appealing, we adopted a scoring system that 

rewards users according to the quality of their annotations. In other words, the 

more precise the user is, the more points she earns and climbs up the final 

classification. Of course, in order to be able to assign scores, it is necessary that 

each video segment comes with a reference ground truth. If, for the specific 

video, there exists a hand-made ground truth, it will be used. Otherwise, if the 

video is not a new one (i.e. several players have already played it, meaning that 

several annotations exist), the reference ground truth is given by the combination 

of all the existing annotations (see paragraph 3.2.2). If, instead, the video is a new 

one (i.e. no one has played a session with this video yet) then the detection 

algorithm’s [67] output is used as reference ground truth.  

A reference ground truth is also used to compare the annotations provided 

by the users against it. For each object in the reference ground truth a 2D 

Gaussian Distribution is placed, centered on the object’s bounding box center. If 

a player clicks on this point, she gains the maximum score bonus she can get, 

while the bonus awarded is reduced as the clicked point gets more distant from 

the center. 

http://f4k.dieei.unict.it/fish_game/
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In order to make sense of the data produced by this game, we had to deal 

with two important issues: 

 assess the quality of the users (see paragraph 3.2.1); 

 combine the different annotations to derive a single “best” 

representation of the objects (see paragraph 3.2.2). 

 

3.2.1 Assess the quality of the users 

The contribution of each user playing the game cannot be equal. In fact, there 

exist casual players that dedicate a little time playing, achieving, usually, low scores 

and on the other extreme, hardcore players can be found. Assessing user quality is 

of key importance for generating a ground truth based on the weighted 

contribution of users. The weight is the quality score itself, meaning that the 

higher a player’s score is, the more influential her annotations will be in 

determining the final ground truth. 

To estimate user quality we resort to the ground truth seeding technique, i.e. 

the first level of the game always contains a video for which a hand-drawn ground 

truth (GGT) already exists. When the first level of the game ends, the acquired data 

(GTu) of the user u is compared to the GGT . Each submitted ground truth starts 

with a quality score (SGT) of 1 and the number of False Positives (FPu, a location 

where the user clicked but fish does not exist), False Negatives (FNu, a location 

where the user did not click but fish does exist) and True Positives (TPu, a location 

where the user clicked and fish does exist) are determined. 

While a TPu does not decrease the quality of the ground truth and a FPu 

decreases it always, a FNu is more complicated because it can occur for two 

reasons:  

1) the user did not click on it at all, because she was not fast enough; 

2) because, at the same time, she was clicking on another object.  
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In the former case, if the user was not fast enough to click, SGT is 

decremented by Nft/Nd, where Nd and Nft are the objects contained, respectively, 

in the GGT and in the frame ft. If the user was clicking other objects at the time 

that FNu occurred, is determined by seeking for objects in frame ft. If at least one 

such object exists, and it was shot by the user, no action is taken. Conversely, the 

user’s quality score is decremented as before. 

Summarizing the score of each submitted ground truth is given by: 

 

      
 

  
∑      

  

                        

 

where 

 

       {
                                             

                                             
 

 

If this is the first ground truth created by the user, her quality score is equal 

to SGT . If, instead, previous assessments already exist, the quality score of the user 

is determined by: 

 

   
 

    
∑     

     

   

   

                        

 

where NTot is the number of objects in all the ground truths of the user, UGT 

is the set of her ground truths, SGTi is the quality of ith ground truth, given by (1), 

and NGOi is the number of objects in it. 
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3.2.2 Build the ground truth objects 

Once the users obtain a quality score, their annotations can be integrated in 

order to build the best ground truth representations. In order to identify the 

locations that users clicked the most, we apply iteratively an unsupervised 

clustering algorithm. In particular, initially, a K-means analysis is applied with a 

predefined number of clusters (set to 10 or to the number of fish in the existing 

ground truth, if it contains more). The clustering result is further refined by 

iterating through each point (clicked by the user) and determining whether it fits 

well in the assigned cluster or not, by calculating the Euclidean distance from the 

cluster’s centroid. 

 

 

Figure 3.2 - Clustering applied on the acquired data: Red dots are the locations clicked by the users. 
Yellow circles represent the result of the first clustering iteration, while the blue circles are the final 
result of the clustering method. The radius of each circle is equal to the sum of the quality scores of 

the users that made an annotation that belongs to that cluster, given by equation (3). 
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If such distance is over a threshold T, it means that the point does not fit well 

into that cluster and it is removed from it. Afterwards, the Euclidean distance of 

the removed point from the centroid of the other clusters is calculated. If a more 

suitable cluster (distance less than T) is found the point is marked as confirmed 

and it will be included in the next iteration. On the contrary, if no appropriate 

cluster exists, the point in question is excluded from successive iterations. 

At each iteration, every cluster c is assigned a value that represents its 

significance, or radius, and is given by: 

 

   
 

 
∑    

  

 

                        

 

where N is the total number of points in the current frame, p represents the 

points in that cluster and Qu,p is the quality of the user that created that point. 

The algorithm stops when all the clusters have a value of rc > Tr (Tr 

empirically set to 0.4) or the initial maximum number of clusters is equal to zero. 

In case these conditions are not satisfied, the maximum cluster number is 

decreased by one and the algorithm proceeds with the next iteration. 

The resulting clusters can be represented as heat maps, showing how the 

users’ clicks are distributed over the scene.  

When the algorithm execution ends, the obtained clusters are the objects of 

the “best” ground truth. In detail, each object is represented by the bounding box 

of the corresponding cluster. 

Algorithm 1 shows the clustering algorithm, Fig. 3.2 shows an example 

output of the method described, where the 10 initial small clusters (in yellow) are 
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reduced to 2 bigger ones (in blue) and Fig. 3.3 shows the heatmaps produced in a 

4-frame sequence. 

 

MaxClusters = max(10;Count(ObjectsInGT)); 

P = ClickedLocations; 

C = Clustering(MaxClusters; P); 

while (MaxClusters > 0) do 

ClustersOK = True; 

foreach k in C do 

rc = radius(k); 

if rc < Tr then 

ClustersOK = False; 

break; 

end 

end 

if ClustersOK == True then 

Output: C 

end 

foreach p in P do 

Cp = Centroid of cluster containing p; 

if distance(p,Cp) > T then 

Found = False; 

foreach k in C do 

Ck = Centroid of cluster k; 

if distance(p,Ck) < T then 

Found = True; 

break; 

end 

end 

if Found == False then 

remove p from P; 

end 

end 

end 

MaxClusters = MaxClusters - 1; 

C = Clustering(MaxClusters,P); 

end 

Algorithm 1: The clustering Algorithm 
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Figure 3.3 - Heatmaps of two fish detected in an 4-frame sequence 

 

 

3.3 Automatic image segmentation using crowdsourced 

data 

In this section we present the approach employed to label images by using 

the click points collected with the online game described in the previous section. 

In detail, the users’ clicks drive the image segmentation approaches, namely the 

Region Growing and Grab Cut, which allow us to derive meaningful annotations 

(Figure 3.4 show the basic schema of the proposed approach). By comparing the 

results obtained with this approach against hand-labeled ground truth data, in 

Chapter 4 we demonstrate that the proposed method constitutes a valid alternative 

to the existing video annotation approaches and allow a reliable and fast collection 

of large scale ground truth data for performance evaluation in computer vision, 

relieving the users from the noisy work of annotating images and videos manually. 
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Figure 3.4 – Basic schema of the proposed approach 

 

More specifically, the user who plays the game has to take photos of objects 

through the game’s levels. In order to assess the accuracy of our approach, we 

adopted two classic techniques for image segmentation which require an initial 

labeling that may be either a point within the object (seed) or some region (or line) 

outside the object to be segmented. Needless to say, this initial labeling is the 

single most important parameter that influences the performance of image 

segmentation algorithms: if the initial labels are not positioned accurately either 

the result will contain undesirable information (a segment that contains the object 

and part of its surroundings) or it will omit desirable information (a partial result). 

Starting from the raw users’ clicks taken while playing Flash the Fish,  

unsupervised K-Means cluster analysis [68] is performed in order to extract the 

locations of the most clicked areas. Since the game’s purpose relies on the belief 
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that the most clicked areas represent actual objects, the resulting clusters will be 

devoid of the influence of noisy clicks, because clusters with low numbers of 

clicks are discarded. 

So, the output of the game are the clusters with their associated points which 

can be also represented with heatmaps showing where the majority of the clicks 

are located. 

Then we resort to image segmentation approaches to generate annotations on 

moving objects. In detail, we used two approaches: the classic region growing that 

works by identifying the differences between objects in the image according to 

their color characteristics, and the Grabcut that performs image segmentation by 

means of a probabilistic approach. 

Figure 3.5 shows the clicks’ handling phase which include the clusters 

obtained from the points  gained by playing the game and the corresponding 

heatmaps generated by considering the sum of the 3D Gaussian distribution of 

each point in a cluster. 

 

 

Figure 3.5 – Clicks’ handling phase. On the left: the obtained clicks from the game. On the center: 
clustering results. On the right: heatmaps of the most clicked areas. 

 

3.3.1 Region Growing based approach  

Region growing [69] is a fairly common technique for image segmentation, 

which groups together the pixels or sub-regions in gradually larger regions 
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according to a given criterion. The approach starts from a set of key points, also 

known as seeds, from which the regions grow. Afterwards, all the surrounding 

pixels that have similar properties to those of the starting seed are added to the 

region until a specific ending condition is satisfied. 

Two issues must be addressed when dealing with the region growing 

approaches: 

 the initial seed’s position; 

 the pixels’ similarity policy.  

In our case, the initial seeds’ position is determined by selecting the local 

maxima of the heatmaps as coming out from the previously calculated clusters. 

Starting from these points, the region is iteratively grown by comparing all 

neighbouring pixels to the region by using the difference between a pixel’s 

intensity value and the region’s mean. Then, the pixel with the smallest measured 

difference in this way is allocated to the respective region. This process stops 

when the intensity difference between the region’s mean and the new pixel 

becomes larger than a certain threshold. 

In Figures 3.6 and 3.7 two examples of segmentation by using the region 

growing technique described above are shown. As we can see, starting from a 

single seed derived from the clustered users’ clicks, good results are obtained in 

terms of object contour. 
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Figure 3.6 - Region Growing. On the top left the seed derived from Flash the Fish game heatmaps. The 
remaining images show the result of the applied algorithm in terms of object contour and the 

corresponding binary mask. 



Chapter 3 - Crowdsourcing approaches                                                                           63 
  

 

Figure 3.7 – Top: source image. Left column: the seeds positioning by using the proposed approach. 
Right column: Region Growing. Bottom: labeled objects. 
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The main drawbacks of the region growing segmentation algorithm are 

encountered when: 

 the background has a similar texture and color to the object of 

interest; 

 the seed is not positioned accurately inside the object. 

Fig. 3.8 shows what might happen in the above cases: the area of the region 

grows beyond the object boundaries including parts of the image that are not 

logically connected to object or the object is not completely segmented, and 

misses desirable information. 

In the next section the use of Grab Cut approach will be discuss which aim at 

overcoming the limitation of the just discussed method. 

 

 

Figure 3.8 - Region Growing drawbacks. Top: Background and object have similar colors and texture. 
Bottom: Inaccurate positioning of the seed. 

 

3.3.2 Grabcut Approach 

Grabcut [70] is a dynamic image segmentation algorithm that applies graph 

cuts [71] iteratively: each successive iteration aims at minimizing further the energy 

of the result of the previous ones. In contrast to the region growing algorithm, 
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Grabcut operates in a different manner: instead of using a single pixel of the 

image as seed for determining the part of it that belongs to the desired segment or 

not, Grabcut uses an area where the object should be located. 

Describing the exact theory behind Grabcut is not in the scope of this 

dissertation, but the reader can find more information in [70]. What this work 

addresses, instead, is the definition of the initial labeling for Grabcut to start the 

segmentation process. 

In detail, by using the game data, the initial labeling is derived by processing 

the players’ clicks, in order to define a region large enough to contain the whole 

object, but also small enough in order not to include unnecessary information. In 

our case, this region is computed as the convex hull containing all the points 

belonging to the same cluster. 

A labeling mask is then created, where white points (foreground) are all the 

points inside the convex hull, and the black ones (background) are the points 

outside. This mask constitutes the initial labeling for Grabcut. 

The application of the Grabcut algorithm is shown in Fig. 3.9. The same 

figure also shows that Grabcut performs well even when both the background and 

the object have similar colour and texture characteristics. 
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Figure 3.9 - Example of the application of the Grabcut segmentation algorithm. On the top left the 
original image can be seen, while in the top right the points that belong to an identified cluster are 
shown in red. The convex hull of these points is calcu lated (bottom left, in yellow) and Grabcut is 

applied on it (bottom right). 

 

 

3.4 Data-driven segmentation by using a statistical 

approach 

In this section we describe a statistical method resting on the same basis of 

the previous approaches, since, also in this case, we exploit the clicks gained by 

the users who played with Flash the Fish game, but we resort to Expectation 

Maximization for Gaussian Mixture Model (EMGMM) with the aim of defining 

the belonging of the acquired points to the object model rather than to the 

background one. 
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To be more precise, starting from the collected clicks we first apply a shift-

back of the points obtained for the current frame in order to consider the delay 

with which the user clicks after seeing the object of interest. Then a uniform 

random point distribution on the source image is generated for constructing the 

background model, which does not include the users’ clicks. For each point 

belonging to the two images, a features vector is created containing information 

about position, color and texture. As concerns the texture features, the Histogram of 

Oriented Gradient (HOG) descriptors [72, 73] are used. The collected feature 

vectors are then assembled to build a matrix for which the Expectation 

Maximization for Gaussian Mixture Model is calculated to obtain the model 

related both to the object and the background. Finally, for each pixel of the source 

image, the features vector is also constructed and the probability that each feature 

vector belongs either to the object model or the background model is computed. 

Then, according to the log-likelihood ratio, each pixel is classified as background 

if the probability value is greater than a given threshold, as foreground otherwise. 

In Figure 3.10 the basic schema of the proposed method is shown.  

Experimental results (see Chapter 4 for the details) show that the proposed 

system, when compared against the hand labeled ground truth dataset, is able to 

generate reliable annotations starting from big-noisy data, providing a valid 

alternative to the existing ground truth generation methods. 

 

3.4.1 Features selection process from big noisy data 

The users’ clicks acquired while playing the game, are first processed to make 

sense of them. In fact, we initially shift-back the raw clicks to consider  the delay 

with which the user clicks after seeing the object of interest. Typically, the delay 

ranges between 1 and 4 ms and considering that the video have been acquired at 5 

fps, the shift has to be on 1 or at most 2 frames backward. In this way, more 
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accurate clicks are obtained for each frame in the video, resulting in a more 

accurate set of points which depict approximately the area where the user 

identified the object during the game session.  

 

 

Figure 3.10 – Basic schema for ground trothing from big noisy data 

 

Starting from the collected clicks, a number at least 5 time larger of uniform 

random points are then positioned on the source image, leaving out the clicks 

which we have already used for the object identification. Figure 3.11 show a set of 

images reporting clicks’ handling phase. 
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Figure 3.11 – Clicks’ handling phase. On the left image the raw clicks derived from the game. In the 
center image the clicks are positioned according to the shift-back procedure (in this case 2 frame ahead 

considering a delay of 4 ms). On the right image the same number of points distributed uniformly in the 
background. 

 

Afterwards, the model for the objects and the background can be built. To do 

this, for each point a feature vector is created containing information about position, 

color and texture features. As concern the position, x and y coordinates are extracted 

from each point, while for color features the values of H, S and V channels are 

taken into account. The V channel could not be considered because it does not 

contain any specific information about color, but only with respect to the 

brightness.  

To provide a consistent description of texture characteristic of the considered 

points, we refer to the Histogram of Oriented Gradient theory [73]. Generally the 

HOG descriptor is used to determine local object appearance and shape within an 

image by computing the distribution of intensity gradients or edge directions. In 

our case, the same concept is applied not to the entire image, but to a given 

windows which strictly surround each point located in the source images. 

Anyway, the technique counts occurrences of gradient orientation in localized 

portions of an image and the features are computed on a dense grid of uniformly 

spaced cells by using overlapping local contrast normalization for improved 

accuracy. The implementation of these descriptors can be achieved by dividing the 

portion of image surrounding the available points (in our case a windows of 9x9 
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pixels around each click is used) into small connected regions, called cells, and for 

each cell compiling a histogram of gradient directions for the HS channel of pixels 

within the cell. 

The main advantage of using the HOG descriptor relies on  the invariance to 

geometric and photometric transformations, since it operates on localized cells. 

 Once all the features are presented, we can construct the feature vector   ⃗⃗  ⃗ for 

each click in the form of: 

 

  ⃗⃗  ⃗                   ⃗⃗     

 

where xc and yc are the values of width and height of the click respectively, hc, 

sc and bc (optional) are the HSV values of the pixel corresponding to the click and 

 ⃗⃗   is a vector of 27 elements (9 for each HSV channel) which includes the texture 

features of the pixel. The same procedure is computed for the uniform random 

points related to the background (in this case we use   ⃗⃗⃗⃗  to refer the feature 

vectors of background points). 

Then a matrix of feature vectors is created for all the clicks of the source 

image as follow: 

 

       
⃗⃗ ⃗⃗  ⃗    

⃗⃗ ⃗⃗  ⃗      
⃗⃗ ⃗⃗  ⃗  

 

where Vc is an n-by-f matrix with n rows which define the total number of 

clicks and f columns which are the total number of extracted features. Even in this 

case, a matrix Vb is created for all points belonging to the background. 

In the next section a detailed description on how to use the Expectation 

Maximization of Gaussian Mixture on Vc and Vb matrices is given.  
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3.4.2 EMGMM 

The Expectation Maximization of Gaussian Mixture Model (EMGMM) [74, 75, 76] 

is a numerical algorithm for the maximization of functions of several variables 

suitable for the estimation of the parameters of a mixture of Gaussians from a set 

of data points.  

The basic issue to deal with when using the EM approach, is to compute the 

density estimation for mixture of Gaussian functions: given a set of N points in D 

dimensions (x1, …,  xN) є RD (D=1 in our case), and a family F of probability 

density functions on RD, find the probability density f(x) є F that is most likely to 

have generated the given points. 

One way to define the family F is to give each of its members the same 

mathematical form, and to distinguish different members by different values of a 

set of parameters θ. For instance, the functions in F could be mixtures of Gaussian 

functions: 

 

       ∑                                   

 

   

 

where 
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                }                        

 

 

is a D-dimensional Gaussian function and θ = (θ1, …, θK) = ((p1, μ1, σ1), …, (pK, 

μK, σK)) is a K(D + 2)-dimensional vector containing the mixing probabilities pk as 
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well as the means μk and standard deviations σk of the K Gaussian functions in the 

mixture. 

Thus, considering the selected features, we assume that each object is 

modeled by a Gaussian distribution [77] characterized by μk (the mean vector of 

the object k) and Σk (its covariance matrix). Hence, the final learned object model 

set can be defined as: 

 

          ⃗⃗⃗⃗              ⃗⃗⃗⃗       

 

3.4.3 Pixels’ Classification 

The system starts by computing the model both for object and background 

which are then used to obtain a set of probability maps. Each map is associated to 

a known object and contains the probability for every pixel of the source image to 

be classified as the current object.  

To be more precise, we compute the Gaussian distribution, not only for the 

points which represent the users’ clicks and the surrounding background, but also 

for each pixel of the image. Then we use the models acquired from the learning to 

calculate the probability the a pixel belongs to the object model rather than the 

background model. 

The appearance probability of a pixel j characterized by the features vj of 

belonging to the object model Obj is given, under Gaussian assumption [78] by the 

probability density function: 
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where   ⃗⃗⃗⃗  is the mean vector of the object model Obj,     its covariance 

matrix, and k the number of characteristics. Note that k is also the dimensionality 

of   ⃗⃗  ⃗ and   ⃗⃗⃗⃗  vectors. This dimension is the number of features used to represent 

each object and its value depends on the features selection process (see paragraph 

3.4.1 for the details). 

Similarly, we calculate the probability that a pixel j of the source image 

belongs to the background model as follow: 
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where   ⃗⃗⃗⃗  is the mean vector of the background model Bkg and     its 

covariance matrix. Even in this case k represents the dimensionality of   ⃗⃗  ⃗ and   ⃗⃗⃗⃗  

vectors.  

Once the probability maps of each model is constructed, we classify each 

pixel according to the log-likelihood ratio as follow: 

 

       {       
  

  
   

                    

 

 

The matrix M(x,y) represents a binary mask which provide the segmented 

object corresponding to the users’ clicks. 

Figure 3.12 shows how, starting from the source image and applying our 

method, we obtain very good annotation of the current objects. 

 



74                                                                           Chapter 3 - Crowdsourcing approaches 

 

 

Figure 3.12 – Final segmentation results. On the left, the source image as presented to the user 
during the game session. In the center image, the users clicks obtained for the current frame. On the 

right image, the binary mask with the segmented objects. 

 

To validate the obtained result, in Chapter 4 we present a comparison against 

the hand labeled ground truth dataset to assess the validity of the proposed 

approach as an alternative to existing methods. 
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CHAPTER 4 

Performance evaluation 

4.1 Introduction  

This chapter is fully devoted to describe the methodologies adopted to 

evaluate the performance of the approaches proposed in Chapters 2 and 3.  

The performance of the methods for semi-automatic ground truth generation 

is assessed in terms of i) the accuracy of the generated ground truth by also 

referring to the VIPER-GT tool for a comparison of the obtained annotations, ii) 

the efficiency of the proposed platforms, as measured by time needed to generate 

annotations and iii) the learnability and user satisfaction. 

For the crowdsourcing approaches instead we evaluate the ability of the Flash 

the Fish game to generate accurate annotations by assessing its performance and 
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comparing it to hand-drown ground truth data. Similarly, for the data-driven 

approaches we show how, starting from big noisy and raw data gained from the 

game, reliable annotation can be achieved with respect to the existing tools for 

hand labeled ground truth generation. 

 

 

4.2 GTTool 

In order to assess the performance of the proposed tool in terms of time and 

accuracy, we asked 20 users, aged between 20 and 40 years old and with a minimal 

IT experience, to annotate fish in 100 consecutive frames of 10 different videos 

taken from underwater cameras (resulting in 20000 annotated frames), with both 

GTTool [7] and ViPER [17]. Each user was provided with a PC with the same 

hardware characteristics, in a closed laboratory. The users were also encouraged to 

speak aloud during the interaction with the systems, and were observed by the 

experimenter avoiding both to affect their choices and to provide specific 

indication in difficult situations. Only in the case of specific user’s requests for 

support or due to system failures, the intervention of the observer was admitted.  

The experiment was conducted along three specific phases:  

1) brief oral interview aimed at reassuring the user, explain the purpose 

of the investigation, explain the peculiarities of the tools and 

understand how to perform the annotations;  

2) annotation phase: the users were asked not only to draw the 

boundaries of the objects, but also to create tracking ground truth by 

using the tools offered by the two applications. This task was 

constantly performed under the supervision of the observer which 

took notes the user’s actions;  
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3) administration of a final questionnaire: the users were asked to 

complete a questionnaire in order to gain both their profiles, rate the 

usability of the systems along various dimensions, and report the 

problems that were found during the use of the tools.  

The achieved results in terms of efficiency and accuracy are shown in Table 

4.1. In particular, the accuracy of the segmented objects was computed by 

evaluating the overlap ratio with ground-truth data drawn by experts on higher-

resolution versions of the same videos.  

 

Method GTTool ViPER 

Total drawn objects 16347 13315 

Manually drawn objects 3114 13315 

Automatically drawn object (GMM) 8101 - 

Automatically drawn object (ACM) 5132 - 

Average time per object 4.8 seconds 13.7 seconds 

Accuracy 91% 76% 

Learnability 804 3.2 

Satisfaction 7 5.1 

Table 4.1 – Comparison between the proposed tool and ViPER 

 

As can be seen from the results, the time required to analyze manually the 

videos with GTTool is about one third of the time needed to perform the labeling 

task by using ViPER. This was mainly due to the markedly smaller number of 

objects which had to be drawn manually by the users (about 3 objects out of 4 are 

automatically segmented by our tool). 

We also asked users to fill in the usability questionnaire, in order to get their 

feedback on how they felt using the two tools. In particular, we asked the 

participants to grade both tools in terms of learnability and satisfaction. 
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Learnability represents the ease of learning the usage of the tools, while 

satisfaction represents the subjective feelings of the users about their experience 

with each tool; both values range from 1(worst) to 10 (best). The results show that 

their experience with GTTool was more satisfactory than with ViPER, mainly, 

according to most comments, because of the two-window layout (which avoids 

having to go back and forth through the video to check one’s previous 

annotations) and of the integrated algorithms (which drastically reduced the 

number of frames and objects which had to be manually analyzed). 

 

 

4.3 PERLa 

The first evaluation of system’s performance was carried out in terms of time 

needed to perform annotations and accuracy of collected annotations. In 

particular, we asked 50 computer science undergraduate students to annotate fish 

in 200 consecutive frames of 5 different videos (320 × 240, 5 fps, 10 min long), 

provided with high quality ground truths, taken from the application’s repository, 

with the proposed tool, the GTTool [7]and ViPER-GT [17]. The users were given 

a time period of two weeks to complete the task. The time spent on the proposed 

tool was measured automatically. For the GTTool and ViPER-GT the students 

were asked to accurately take note of the time spent during the whole process. 

The achieved results in terms of efficiency and accuracy are shown in Table 4.2. 
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Method PERLa GTTool ViPER 

Total drawn objects 34131 43124 31409 

Manually drawn objects 16832 14563 31409 

Automatically drawn object 17299 28561 - 

Average time per object 7.4 seconds 4.2 seconds 11.2 seconds 

Contour accuracy 89% (95%) 90% 79% 

Learnability 9.1 8.2 3.4 

Satisfaction 7.3 7.3 4.3 

Table 4.2 – Comparison between the proposed tool, the GTTool and ViPER-GT. The number in 
parenthesis is the accuracy obtained by using the contour integration module (see Fig. 4.1) 

 

The accuracy of the contours was compared against the gold standard ground 

truths available for those five videos by calculating the average of the PASCAL 

score and the Euclidean distance. 

The results shown that the time required to annotate the videos on average, 

was lower for the GTTool. The reason behind this is that the GTTool employs 

automatic object detection (in addition to automatic contour extraction methods, 

which are the same as the proposed tool) to support users’ annotations, thus 

resulting in a major number of automatically drawn objects, as shown in Table 4.2. 

For the same reason the accuracy of the annotations drawn with GTTool was also 

slightly better than the one achieved with the proposed tool. ViPER-GT ranked 

last in this comparison because of its complete manual nature. It is important, 

though, to notice that these results refer to a one-vs-one user setting and do not 

include possible advantages that can be exploited by the proposed tool’s multi-

user nature. 

So, in order to compare the effort needed to generate high quality ground 

truth by using the aforementioned tools, the time needed to annotate a video 

containing a hundred fish objects, was measured. In single user applications, such 

as ViPER-GT and GTTool, which do not offer any annotation integration 
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method, the time necessary to create a ground truth, increases exponentially with 

respect to its quality. Considering though, that the proposed tool is devised to 

permit multiple users to collaborate, integrating their annotations gives a 

significant boost to the quality/effort ratio. In fact, in Fig. 4.1, is shown the time 

needed in order to achieve different quality scores. In the single-user case, as it 

was aforementioned, the best performer is the GTTool, needing about 61 min, in 

the best case, in order to get a ground truth quality of 0.8. When the annotation 

integration module was used, the same quality was achieved in about 30 min (in 

the 50 users setting). 

 

 

Figure 4.1 - The time (in minutes) needed and the obtained quality, for annotating a video 
containing 100 objects. For the single user cases the graphic represents the time needed by the best 
performing user. For the proposed tool, when annotation integration takes place, it represents the 

average time needed for each single user to achieve the corresponding quality score. 

 

Upon annotation completion, a usability questionnaire was compiled by the 

users, in order to obtain some feedback about the user experience. In particular, 

the students had to grade the used tools in terms both of learnability and 

satisfaction. Learnability expresses how easy it is to learn to use the tools, while 
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satisfaction represents the general feelings of the users about their time spent with 

each tool; both values range from 1(worst) to 10 (best). 

As shown in Table 4.2, the totality of users voted the proposed tool as the 

easiest to learn, achieving a score of 9.1/10, with the GTTool coming near second 

(8.2/10). ViPER-GT ranked third with a very low score (3.4/10) mainly because 

of its complex interface and the time needed to achieve a satisfactory level of 

knowledge on its usage. 

When user satisfaction is concerned, both the GTTool and the proposed 

application achieved a score of 7.3 out of 10. This tie was due to two main 

reasons, based on the users’ comments: 

1) the GTTool’s object detection and tracking algorithms, alleviated a 

large part of the work,  

2) the proposed web tool was easier to use, better organized and more 

appealing to the eye.  

The worst performer was, again, ViPER-GT because of the total lack of 

automated tools and its steep learning curve. 

 

 

4.4 Flash the Fish  

In order to test the accuracy and the efficiency of the proposed approach, we 

compared the annotations generated from the game against a hand-made accurate 

dataset. In particular, we used 7 hand-labeled videos (with frame rate and duration 

values as described in the 3.2.2 paragraph, for a total of 1568 frames) that 

contained 4140 annotated objects. 

Clustering methods work better when applied to as bigger datasets as possible 

and for this reason we organized a Facebook event to gather users. To motivate 
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the players we also offered a prize for the winner. For the event’s duration (4 

days), 80 users participated and played 1273 game sessions that resulted in 264316 

annotations (Table 4.3). 

 

Level Annotated 
objects 

Acquired 
clicks 

Number 
of users 

Precision Recall F1 

1 722 71105 80 0.71 0.96 0.70 

2 1847 70406 80 0.69 0.64 0.66 

3 593 58528 69 0.70 0.64 0.67 

4 251 47137 52 0.74 0.71 0.72 

5 446 16276 46 0.57 0.51 0.54 

6 104 522 19 0.31 0.21 0.25 

7 177 342 18 0.26 0.09 0.13 

Total 4140 264316 80 0.66 0.60 0.63 

Table 4.3 - The datasets we used for performance evaluation and the results obtained. The precision 
and recall values refer to the case where the annotations of all the users that played the 

corresponding level were used and the values in the last row are the weighted averages with respect 
to the number of ground truth objects. 

 

For determining whether an object (BB, the bounding box calculated by the 

algorithm described in paragraph 3.2.2) is either a hit or a miss we calculate the 

overlap, or PASCAL score, between it and the objects (GT) in the same frame in 

the hand-drawn ground truth given by: 

 

       
           

           
 

If there exists at least one object where such value is greater than a threshold, 

empirically set equal to 0.7, then the cluster is considered a true positive; 

conversely, it is considered a false positive. A false negative is an object in the GT 

that has no corresponding BB. 
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The performance of the application was evaluated in terms of precision, recall 

and F1 measure, given by: 

 

          
  

      
                        

 

       
  

     
                        

 

and 

 

     
                

                 
                        

 

respectively. The obtained results, together with the dataset used for testing 

the application, are shown in Table 4.3. 

All the players reached level two, but with the progressively increasing 

difficulty, a little less than 25% (19 out of 80) of them reached the last one. The 

absolutely best performance was achieved at the fourth level, where the precision, 

recall and F1 values were 0.74, 0.71 and 0.72 respectively. This was due to the fact 

that it has the highest clicks/object ratio, which was about 187 at that level. 

It should be noted that the turning point of the game is the fifth level where 

more than half players who played it could not advance through it (27 out of 46). 

As a consequence, it severely hampered the performance of the clustering method 

at the last two levels, where an inadequate number of annotations was collected (a 

little less than 2 annotations per object at the last level). In particular, the recall 

value at that level was too low, 0.09, because of the high number of false negatives 

(i.e. many objects in the GT did not have any clicks at all). Furthermore, we also 
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analyzed how the user quality influenced the method’s performance. First we 

excluded all the annotations made by the users who had a quality score lower than 

0.7. Surprisingly, this choice influenced minimally the precision, whereas it 

affected the recall. This result is explained by the fact that the true positives TPu of 

the low-quality users were able to raise the rc value over the threshold Tr (see 

paragraph 3.2.2), thus, resulting in a lower number of false negatives. Conversely, 

the false positives FPu produced by the same users were not enough to create false 

positive clusters because this creation depends also on the user quality. More 

quantitatively, for level 1 the precision kept almost stable (0.69), whereas the recall 

dropped to 0.37. This also explains why the performance decreased drastically at 

the higher levels (Levels 6 and 7) when the number of players decreased. On the 

contrary, when we excluded the users with quality higher than 0.7 both precision 

and recall dropped to, respectively, 0.44 and 0.25. 

The user quality allows us, therefore, to keep balanced precision and recall, 

whereas, the number of users serves to support the explorative nature of the 

game, i.e. the more users play, the higher is the probability (which also depends on 

the users’ quality) to detect correctly objects. 

 

4.4.1 Combining Flash the Fish annotations with image 

segmentation algorithms 

In this section we describe the method used to evaluate the performance of 

the image segmentation approaches discussed in paragraph 3.3 (i.e. region growing 

and grabcut) by comparing the obtained results against hand-drawn ground truth. 

This ground truth contained 4140 objects and it was generated with PerLa [8]. 

Also in this case, we exploit the same outlines of the Facebook event organized 

for testing Flash the Fish game (4 days duration, more than 80 users, about 1300 

game sessions and more than 260000 clicks). Quantitative performance analysis 
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was carried out on a pixel basis by comparing the results obtained by the 

segmentation algorithms against the hand-labeled ground truth and by computing 

the metrics (1), (2) and (3) stated in paragraph 4.4. 

In this case a TP (True Positive) was defined as a pixel that was contained 

both in the ground truth and in the segmentation result, while a FP (False Positive) 

was defined as a pixel contained in the resulting segment but not in the ground 

truth. Finally, a FN (False Negative) was a pixel that was contained in the ground 

truth but not in the resulting segmentation.  

The obtained results, together with the dataset used for testing the 

application, are shown in Table 4.4.  

These results take into account only the annotations that had a PASCAL 

score of at least 0.7 with respect to an object in the ground truth. The PASCAL 

score is given by: 

 

       
                   

                   
                        

 

where Annotation is the resulting annotation and GT is the corresponding 

ground truth object. 
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L 
e 
v 
e 
l 

Annotated 
objects 

Acquired 
clicks 

Region Growing Grabcut 

Precision Recall F1 Precision Recall F1 

 1 722 71105 0.19 0.30 0.23 0.78 0.81 0.79 

2 1847 70406 0.31 0.41 0.35 0.79 0.74 0.76 

3 593 58528 0.44 0.47 0.45 0.63 0.68 0.65 

4 251 47137 0.43 0.40 0.41 0.67 0.64 0.65 

5 446 16276 0.51 0.41 .045 0.39 0.42 0.40 

6 104 522 0.63 0.61 0.62 0.29 0.28 0.28 

7 177 342 0.65 0.67 0.66 0.22 0.24 0.23 

         T 4140 264316 0.45 0.47 0.45 0.54 0.54 0.54 

Table 4.4 - Performance evaluation of the segmentation algorithms. 

 

From the same table, it is also possible to notice how the performance of the 

segmentation algorithms shows a different behaviour. In particular, region 

growing performed better when the number of clicks available was low. In fact, in 

the lower levels (levels 1 and 2) the region growing based approach achieved, on 

average, 25% in precision and 36% in recall. The precision score was so low 

because of the large number of inaccurate clicks which, therefore, resulted in 

clusters whose centroids were outside the object’s boundaries. On the contrary, in 

the highest levels (i.e. 6 and 7), where only few motivated and reliable users were 

able to get score, both precision and recall achieved, on average, 64%. In this case, 

even if the number of clicks was considerably lower than those of the first levels, 

they were extremely accurate as obtained by the best performing users. 

Grabcut, instead, achieved better performance in the lower levels. In the first 

4 levels, the precision and recall values were, on average, 71%. These scores reflect 

the much better capacity of Grabcut to handle complex backgrounds and its 

ability in the choice of the initial labeling. 
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Finally, the performance of Grabcut in the last two levels was very low 

because an accurate initial labeling could not be determined due to the lower 

number of clicks. 

 

4.4.2 Generating annotations by using Gaussian Mixture Models 

As in the previous case, the performance is assessed  by exploiting the raw 

data gathered from the Flash the Fish game sessions and by comparing the 

method’s outputs with the 4140 hand-labeled object annotations. The metrics 

used to evaluate the performance of the proposed technique are (1), (2), (3) in 

paragraph 4.4 and (4) in paragraph 4.5, but the obtained results show some basic 

differences with respect to the previous work. 

In Table 4.5 the results obtained by considering only the annotations that had 

a PASCAL score of at least 0.8 with respect to an object in the ground truth are 

shown. 

As we can see, as the levels of the game increase, the values of precision, 

recall and Fmeasure slowly decrease achieving on average the value of 67%. This 

behaviour is mainly due to the fact that, during the game session much more 

clicks are gained in the first levels, since almost all players were able to exceed 

from a level to the successive one, significantly increasing the number of clicks for 

the appearing objects. This results in a more accurate design of the object model, 

which can be more easily distinguished with respect to the background. On the 

contrary, since only few players were able to reach the final levels (i.e. 6 and 7), 

not much clicks can be used to drive object model, thus it becomes too hard to 

discriminate if a pixel belongs either to object model or to the background model, 

resulting in a less accurate object segmentation. 
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Level 
Annotated 

object 
Acquired 

clicks 
Precision Recall Fmeasure 

      1 722 71105 0.81 0.79 0.80 

2 1847 70406 0.77 0.75 0.76 

3 593 58528 0.71 0.71 0.71 

4 251 47137 0.69 0.67 0.68 

5 446 16276 0.64 0.62 0.63 

6 104 522 0.58 0.60 0.59 

7 177 342 0.51 0.55 0.53 

      Total 4140 264316 0.67 0.67 0.67 

Table 4.5 – Performance evaluation of data-driven segmentation by using the statistical approach 

 

 Indeed, the major advantage of using this method is the total 

independence with respect to the user’s quality. In fact, unlike the previous 

approach, no users’ skills have to be considered for achieving the final levels and 

provide more accurate clicks, because with this approach what is important is, 

instead, the number of available clicks for creating a more accurate object model. 
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CHAPTER 5 

Discussion and Conclusion 

This research has investigated several approaches for large-scale ground truth 

generation which is the basis to allow an efficient evaluation of the performances 

of computer vision methods.  

Precisely, we addressed the problem of automatic ground truth generation by 

considering two main points of view: 1) to overcome the limitation of the existing 

approaches by developing easy and intuitive tools to facilitate the labeling process 

and 2) to construct a large scale database of visual annotations by exploiting the 

crowd of users.  

To this aim, in this thesis we first described the GTTool method, which 

represents an application that improves the user’s experience during the extraction 

of the object contours by means of a simple graphic interface and the use of 

automatic techniques for the detection of object across frame sequences. A 
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modular architecture has been developed in order to enhance ground truth 

generation in term of both accuracy and human efforts. Several techniques for 

automatic contour extraction (Active Contour Models and the Gaussian Mixture 

Model motion detection algorithms) and object tracking (CAMSHIFT) have been 

integrated, while still allowing the user to define ground truth data manually if the 

automatic methods fail to identify and track correctly the objects of interest. XML 

support allows to both save the inserted ground truth to file (to share it with 

others or to be modified at later time) and to import VIPER-GT files, thus 

supporting the migration process to GTTool. The experimental results show that 

the proposed solution outperformed the VIPER-GT approach in every test we 

run, reducing the time needed to label an entire video by a factor of 3.  

Despite the advantages introduced by the GTTool, the integration of 

crowdsourcing and collaborative capabilities in order to permit to different users 

to cooperate in the ground truth generation process, is still needed. This can be 

achieved by providing a web interface that implements the same functionalities of 

GTTool, adding multi-user capabilities and video library management.  

To this end, in this work a web-based video annotation tool (PERLa) is also 

presented for dealing with all the aspects of the ground truth generation process at 

different vision levels.  

Although the tool is online since July 2012 and only few users have had 

access to it (for testing reasons), more than 55000 annotations have been drawn, 

but this number is expected to grow exponentially in the following months. 

Besides, the experimental results have shown that the proposed tool allows users 

to speed-up the generation of high quality ground truth due to the distribution of 

the workload to multiple users. Moreover, the contour integration module 

performed as expected, increasing the quality of the produces ground truth.  
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Currently we are working on integrating a performance evaluation module 

which will enable scientists to test and compare their algorithms using the 

generated ground truth. This module will be further extended with social 

interaction capabilities, in order to enable scientists to share code, datasets and 

ideas. 

In spite of the great support provided by PERLa for collecting ground truth 

data through the use of a web-based collaborative platform, much more 

investigations  have been conducted to further relieve users from the onerous task 

of gathering annotation, providing at the same time, an effective method for 

integrating quality control and increasing the users’ motivation. Actually, in 

PERLa a first attempt to generate high quality ground truth was carried out by 

exploiting the combination of the annotation of multiple users and the voting 

approach to generate what we defined as the Best Ground Truth. Thus, the more 

user use annotate objects and share their annotation with other users, the better 

will be the resulting quality of the generated ground truth. 

As concern instead the problem of motivating the users to contribute in 

gathering annotation, some approaches which rely on crowdsourcing methods 

were taken into account. To this purpose we presented Flash the Fish, a simple 

online game that aim at generating video annotation for object detection 

algorithms. The acquired clicks were then fed to a clustering module which 

refined the results, producing good quality ground truth and we are confident that 

the quality will increase as more and more users will play the game. 

While, in its current form, the game generates ground truth for object 

detection, as the number of annotation increases, it should be interesting to assess 

whether it is possible to derive the exact object shapes from the heatmaps. While a 

preliminary analysis demonstrated that this can be possible, a very large dataset 

should be considered. To accomplish that, we thought to integrate advanced 
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voting methods [86] and use the clicked points to drive some object segmentation 

approaches. Moreover, bonus levels that permit the creation of annotations for 

testing object tracking and object classification methods are already implemented 

and are currently under testing. 

One interesting observation that we made during the revision of the datasets 

is that many clicks should fit better in successive frames from the one that they 

were acquired. This happens due to the fact that the time that passes from the 

moment the eye catches the visual stimulus (fish moving) to the moment of the 

reaction (mouse movement and click) is not negligible and it should be taken into 

account. 

For this reason we developed a module that analyses the reflexes of each user 

independently by controlling how well the clicks fit with the “best” ground truth, 

and we introduced a delay. 

Given the effectiveness of this game, we aim at creating an open platform, 

where researchers can upload their videos, to be used in the game, and the 

generated annotations will be publicly available. 

To accomplish the purpose of using the clicked point as seeds for developing 

object segmentation approaches, in this thesis we also have proposed two 

different methods which exploit the data gathered by playing the Flash the Fish 

online game for supporting video annotation.  

In the first case we exploit the  Region Growing and Grabcut segmentation 

techniques, which also use unsupervised clustering to compute the centroids used 

as the starting seeds and the convex hull surrounding the obtained clusters 

respectively, to drive the segmentation phase. In this case the obtained results 

(Fmeasure of about 80% in the best case) when compared against a hand labeled 

ground truth dataset, showed that the proposed approach is able to generate 

reliable annotations providing a valid alternative to the existing ground truth 
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generation methods. However, a drawback found by using this approach is related 

to the fact that the quality of annotations are strongly connected to the user 

quality. To avoid this issue we proposed a statistical approach which, first of all, 

takes into account the delay with which the user clicks after seeing the object of 

interest by shifting-back the points retrieved for the current frame thus obtaining 

a more accurate positioning of the users’ clicks. Then, similarly to the previous 

approach, we calculate the Fmeasure metric which provides, in the best case (e.g. 

when the largest number of click is available) a value of about 80%. Also in this 

case we are able to supply very good annotation with respect to the hand-drawn 

ground truth providing an effective method which proved to be completely 

independent from the user’s quality.   

As future developments we plan to add automatic video analysis tools for 

object detection, tracking, recognition and image segmentation that may save 

annotation time. We also aim to map the currently available XML format, used for 

GTTool and PERLa, into a web ontology, in order to give users the possibility to 

insert semantic metadata for each annotated object, which could not only support 

interoperability with other semantic web applications (e.g. multimedia retrieval, 

like in [79, 80, 81]), but also enable users to generate ground truth for higher level 

tasks (e.g. object recognition etc.). 

Machine learning methods [82, 83, 84] will be applied on these textual 

annotations in order to exploit the advantages offered by integrating annotations 

to multiple types and levels of information. These semantic data will be available 

to the end users via SPARQL Endpoints. The integration of more extensive 

collaborative capabilities, e.g. simultaneously editing the same ground-truth or 

systemically distributing the ground truth generation among different users, would 

undoubtedly accelerate even more the whole process. Moreover, multiple 
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annotations of the same object by different users could be integrated by using 

Adaboost [85] in order to enhance the quality of the produced ground truth. 

Finally, we are going to further investigate new and more efficient methods 

for treating the raw data derived by the game, by integrating effective algorithms 

for segmenting objects in videos. Also, the data gathered by the game can also be 

used in order to derive other types of annotations. For example, object-tracking 

ground truth by grouping the user’s clicks in the frame sequences and by applying 

object tracking methods, like [87] in order to find the trajectories’ limits.    
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