
Master Thesis 

HALMSTAD 

UNIVERSITY 

Master's Programme in Embedded and Intelligent
Systems, 120 credits

Robot Assisted Quiz Espying of Learner's

RAQUEL

Computer science and engineering, 30
credits

Halmstad 2018-09-30

Abhilash Padi Siva, Sanjana Arunesh



 iii 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Title: 

Robot Assisted Quiz Espying of Learners, September 2018 

 

Author:  

Abhilash Padi Siva 

Sanjana Arunesh 

 

Examiner:          Supervisor:  

Antanas Verikas             Josef Bigun 

Slawomir Nowaczyk       Martin Cooney 

          Fernando Alonso Fernandez  

Location: 

Halmstad, Sweden 



 iv 

Abstract 

As robot technologies develop, many researchers have tried to use robots to support 

education. Studies have shown that robots can help students develop problem-solving 

abilities. Robotics technology is being increasingly integrated into the field of 

education largely due to the appealing image of robot’s young students have. With 

the rapid development of robotics, it has become feasible to use educational robot for 

enhancing learning. This thesis explores the possibility of using robots as an 

educational tool for being quiz assistant in the class. Here we will be working with 

humanoid like robot and we will teach the robot to be a quiz assistant. The main 

purpose of this thesis is to have quizzes adapted to individual knowledge of students 

in the class. By doing this a teacher can track student’s performance individually 

while students will get the performance results as feedback using paper quizzes. 

When implemented fully, quizzes will be printed, distributed to students, collected 

from them, corrected, and students will be individually informed by email 

automatically and rapidly. Conceptually, this is a new approach to learning since 

frequent, paper-based quizzes become a learning tool in the service of active learning 

as opposed to their classical use, infrequently used control tool. The thesis scope is 

limited to contribute to individualization, distribution and collection of the quizzes, 

leaving out automatic correction. This is because for the latter there are already 

implemented solutions. With individualization we mean identification of a student 

taking a certain quiz and conversely, deducing the identity of a student from a 

collected quiz. For this we will use face detection and face recognition techniques. To 

this effect, an algorithm based on the technique Haar cascade by Viola and Jones [1] 

was used for face detection and Local Binary Pattern Histogram [from now on called 

LBPH] method was used for face recognition [2]. This combination is shown to be, 

precise and maximally avoids illumination problems. The thesis also marks important 

details missing in the aforementioned paper as well as some drawbacks of the 

proposed technique. Our results show that RAQUEL system can perform face 

detection and recognition effectively by identifying and depending on the chosen 

interfacing strategy, then voicing identification details such as names, individual quiz 

number and seating row number of the students. Our system can not only be used to 

identify and bind a student identity to a certain quiz number, but also it can detail 

class/quiz attendance and keep track of in what order students gave back the quiz 

papers, helping to assure by biometric identification, that the automatically corrected 

quiz results are registered for correct student identity.  

 

Keywords: Pedagogy, Adapted quiz, Haar cascades, LBPH 
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Chapter 1  

1 INTRODUCTION  
 

In this chapter, the problem definition is stated together with the problem 

statement, the purpose, goal and contribution of the thesis.  

1.1 Problem Background 

Advancement in robotic research enables robots can assist human in many 

ways. Robots have found widespread application in industry and are 

beginning to increasingly find applications in diverse roles. With robots and 

related automated processes having increasing role in industry they are 

becoming an object for study in their own right in technology, at secondary 

school and university level [23]. For example, robotic research groups 

investigated aspects of human robot interaction. Moreover, researchers have 

developed robots that can be used in education, home appliances and 

entertainment. The humanoid form makes human-robot social interactions 

natural [4].  

 

The work carried out in this thesis was to develop a system which can be 

viewed as robot invigilators in the exam hall. In contrast to our system, 

current human invigilators do not record nor transmit their observations 

electronically, hindering such observation data to become more useful, e.g. in 

quiz correction, in providing feedback to students, so that they can prepare 

themselves better and continuously for the ordinary exam. It is also 

prohibitive, to use human invigilators at every lecture of a course when 

potential short quizzes can be held, due to limited resources at many 

dimensions, e.g. salary costs, scheduling involving more people becomes 

more difficult, teaching invigilators to do new duties and recording them 

electronically, computer resources for them, etc.  

 

This thesis, is to be seen as a feasibility study to contribute in making paper-

based quizzes a new learning tool to the education system, rather than control 

and verification tool of knowledge in grading. The idea is to confirm their 

respective knowledge to students more continuously and objectively, as the 
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education progresses via frequent, paper-based quizzes produced, 

distributed, recollected, and corrected automatically. Optionally, for the 

students who perform well at quizzes, the fully automatic system and 

frequent feedback enable the possibility of skipping the stress of the exam all 

together, by eliminating them. This vision embraces thus to replace exam 

stress with the joy of learning, and instant proof of that, continuously.  

 

Quizzes distributed weekly to students in "Image Analysis" and "Computer 

Vision" courses given at Halmstad university exists since 2012. These are 

taken by students at the end of a lecture and last approximately 20 minutes 

while professor acts as invigilator. Then, the professor uses image processing 

techniques to correct quizzes automatically, and individual emails are sent to 

students automatically telling their current performance. These results are 

used as examination if they are good, at the discretion of the students. 

Students can always choose to do the official exam of the courses whatever 

quiz results are. Thus, quizzes serve as continuous feedback to students as 

well as to professors rather than being a control tool.  

 

However, there is a major missing link in the automation of quizzes described 

in the learning feedback practice above, that is lack of automatic verification 

of each quiz that is truly done by the genuine student, and to know at what 

order students have given-in the quizzes. The knowledge on the former is an 

obvious necessity to reduce the risk of cheat, whereas the knowledge on the 

latter eliminates or reduces errors so that quiz results are emailed to correct 

student recipients. This is because student/quiz correspondence during and 

after quiz correction is still done manually by professors.  

 

Continuously occurring fully automatic quizzes will also help students who 

are nervous about exams. Instead of taking up exams for 4-5 hours in an exam 

hall they can take up quiz tests which are conducted weekly in a friendly 

environment, the classroom in 15-20 minutes. 

 

The first task for us to do, is to identify different people in a class. Here face 

recognition plays a major role in identifying and recognizing people as it is 

perceived “natural”. Face Recognition has been an important area of research 

in computer vision from past many years. The ability to recognize and 
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remember the names of a person face helps to have a natural human-robot-

interaction, beside that is a requirement for quiz automation we envisage. 

 

Our second task is to provide the quizzes to the students by means of speech. 

The RAQUEL system gives out the quiz papers to the students by recognizing 

the face and even interacts with them by simple speech synthesis techniques. 

The process of producing human voice/speech artificially is called as Speech 

Synthesis. A text- to-speech (TTS) system is used to convert text into normal 

human speech. Here, we will verify and evaluate qualities of a largely 

available TTS system by how well it matches to human voice and how good it 

can be understood. This is particularly crucial since words to be uttered 

contain names of students. TTS systems perform best for words found in a 

dictionary (known to the system). However, it is currently not possible to find 

a dictionary with utterance for all human names because students in a 

university environment come from all over the world with regional 

conventions on how to utter and write them properly.  

1.2 Problem Statement 

The overarching problem is to replace the manual parts of paper-based quiz 

taking process with automatic procedures. Roughly the full procedure 

consists in:  

 

1. Quiz production for a particular day and all individuals in a class. Each 

student has his/her own individualized quiz questions. Thus, two students 

may have different questions.  

2. To execute the quiz by distributing and recollecting quizzes to eligible 

students in the classroom.  

3. To identify quiz takers names in a batch of filled quiz forms after the quiz.  

4. To correct quizzes.  

5. To register quiz results for each participant.  

6. To email the results.  

 

RAQUEL system must demonstrate the feasibility of full automation of the 

above process, so that potentially hundreds of students can take paper-based
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quizzes weekly or at the end of each lecture or laboratory exercise and expect 

feedback within hours or minutes. In that, our system will focus on points for 

which automation is currently critically missing in the above process for 

which there is currently only partial solutions.  

 

To be specific, point 2 is the only point for which there is currently no off-the-

shelf solution for paper-based quizzes. Accordingly, problem definition 

comprises point 2. For other points there are currently solutions when the 

problem is technical. It is important to stress that we mean only technical 

parts, when we mention “problems” for example neither populating a 

database of questions on the subject nor sampling them for quizzes are 

technical problems. The latter are instead in the competence of the professor. 

By contrast, points 1 to 6 contain technical challenges but only point 2 has no 

off the shelf solution. 

 

For point 2, the system must demonstrate that it is able to deliver an eligible 

student of the course her/his quiz questionnaire. The quizzes are printed on 

paper and are not identical for all students. They are assumed to have been 

individualized for various purposes, e.g. to adapt quizzes to the current 

knowledge level of the student and to randomize correct answer alternative 

to reduce cheat when students sit close to each other. Even if the professor 

chooses to make the same questions for all students, identification of students 

and delivering quizzes are still needed. For example, to reduce the risk of a 

former year student with more knowledge to answer the quiz instead of an 

eligible student. This is a significant risk when the number of students is too 

high to memorize name (on quiz form) and faces in the lecture-room.  

 

In point 2, the system must be able also to take care of the re-collection of 

filled quizzes. In that it must again recognize students handing in their filled-

quiz forms as they leave the lecture-room. Thereby, the order of student 

identities is filled in quiz forms will be captured of the system. 

 

That a quiz is taken by the eligible student will be achieved by RAQUEL. The 

system will then bind the identity of a student to a particular quiz (paper) 

twice, at the delivery and at the recollection. The order of identities during the 

recollection is interesting because with its help alone it is sufficient for a 

subsequent automatic correction system to ascribe quiz correction results to 
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respective students later. Assuming that a pre-designed, individual quiz has 

been securely given to and collected from a student by the robot, the 

correction system will know the student identity, as facilitated by the face 

recognition and the student identity order at recollection. Thus, during the 

correction, individual quiz-identity and the corresponding correct answers of 

the individual quiz will also be known which enables the system to correct 

the individual quiz. However, all quizzes also contain machine and human 

readable identity details of the student (who is supposed to take a quiz) and 

the particular quiz identity preprinted on quizzes. Thereby, an individual 

quiz can also be corrected by machine-reading the printed information and 

the correction result can be ascribed to the respective student, without the 

identity information offered by the quiz ordering. 

 

Thereby, the ordering information sub serves as a contingency help for the 

student identification of quizzes implemented by machine readable codes, 

detecting and helping to manage inconsistencies of student identities during 

quiz correction. For example, when a failure in machine reading of identities 

is signaled by the quiz order information,  a human can decide which 

information is correct or find out what went wrong, e.g. by verifying 

identities of the photo taken during the quiz against the reference image of 

the student ocularly, and even start a separate  procedure to verify the 

authenticity of the signature entered on the quiz form by the student, etc. 

1.3 Research Goals 

The goal of this thesis is to build a system that helps transforming exams from 

being control tool, to be as a learning tool. Exams will be made to be an 

integral part of learning. This will be achieved by ~15 minutes quizzes 

portioned out weekly or even after each lecture or lab. Evidently quiz 

administration including integrity and security problems will increase 

dramatically. This is where our system comes in, to lessen the burden of 

professors in administrative tasks.  

 

This project has been divided into 2 parts: 

 • Analysis 

 • Synthesis 
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1] Analysis: This is one of the main requirements of our project. Here we do 

Identity recognition of a person. There are several ways to perform the 

recognition process. In this project we mainly concentrate on face recognition 

which also involves face detection.  

 

2] Synthesis: This part is mainly focused on the hardware part of the robot 

that is quiz handling and speech synthesis. It implements one way of 

achieving Human- Robot interaction.  

 

The thesis suggests having a quiz assistant RAQUEL in the classroom. The 

robot will recognize students for the purpose of giving to and collect from 

them their respective quizzes. Thus, professors will be able to run frequent 

quizzes for potentially hundreds of students yet can be reasonably sure that 

each quiz has been taken by the intended student and no “cooperation” was 

done between students during quiz taking, aided by biometric identification 

and that the contents of each printed quiz is unique and different than 

another. 

 

Subsequently, students will receive a more detailed feedback on their current 

knowledge/skill acquisition, and hopefully can enjoy skipping the final exam. 

If they cannot, for example: because of policy of the professor or student 

knowledge is not sufficient, the feedback will be useful to prepare for the 

exam. Professors will concentrate on making better lectures, quizzes and labs, 

but not on quiz correction and administration. 

1.4 Contribution 

The first contribution of this thesis is in the Pedagogic field by making use of 

Intelligent algorithms. This is to enable a new learning tool, which would help 

students to take up their paper-based exams with less administrative burden 

on professor to implement “continuous feedback”. 

 

The second contribution of the thesis is to evaluate the 4 algorithms: 

Eigenfaces, Fisher faces, LBPH (Local Binary Pattern Histogram) and CNN 

(Convolutional Neural Network) for Face Recognition in combination with 

Haar Cascades for Face Detection, online in an application of robotics using a 

pre-installed camera. This is different than an offline comparison, where 
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databases of faces are used both during enrollment of users (as students, 

clients, etc.) and operationally. The camera, the light environment, and the 

computational resources used in such offline experiments may not be 

available, repeatable or realistic in a scenario, where everything should 

function together smoothly and in real-time. We obtained high accuracy for 

LBPH and CNN, when compared to other algorithms. This is further 

explained in detail in Section 6. Viola Jones algorithm, [1] performs face 

detection and LBPH [2] offers face recognition given a face. Combination and 

validation is not self-evident using implementations based on published 

papers and partially available codes. We report our observations on the 

combination and the system evaluation. 

 

The third contribution is securing the correct identities of a student by 

passing it to quiz correction system using image processing. This means the 

student doesn’t need to write the name, personal registration number on the 

paper, because the quiz sheets will contain identity information of the 

students as well as the quiz identity in two formats such as: 

 

 A machine-readable format via spiral codes, [44] encodes both quiz 

and student identity.  

 A human readable format encodes both quiz and student identity 

serving as contingency in case of machine failure.  

 Student signature will still be required on quizzes. The signature will 

serve as additional security in case of failure when reading machine 

codes, non-repudiation, as well as integrity measure. For example: 

machine-failure can occur during the quiz correction, and when this is 

detected by the order information miss-matching the printed identity, 

the true identity of a quiz can still be established as follows via two 

independent modalities. A human can do ocular verification of face 

pictures taken during the quiz against reference photograph of the 

student in the official university records, in addition to ocular 

verification of signature pictures on the quiz against the reference 

signature in the official university records. 

 

 

 



Chapter 1. Introduction   8 

 

The fourth contribution is to help performing classroom detection for 

marking student’s attendance. We have presented a technical solution which 

works independent of student interaction for quiz distribution and 

recollection. Satisfactory performance is however limited, among others by 

the visibility of student faces (when seated) in the camera. We note here that 

there are two common ways to create attendance data. Some teachers prefer 

to call names and put marks for absence or presence. Other teachers prefer to 

pass around a paper signing sheet. However, those non-technological 

methods are not efficient ways since they are time consuming and prone to 

mistakes/fraud. So, in this project, we developed a technical method of 

marking attendance and storing it in a database to help a professor who 

wishes to have compulsory attendance, to a quiz occasion, to a lab, or a 

lecture occasion, as part of the examination. 
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Chapter 2 

2 RELATED WORK  
 

We have referred to some papers on how humanoid robots are used as teaching 

assistant. The papers however do not disclose their classification algorithms, but 

instead focus on how humanoid robot help them during teaching. 

2.1 Robots and other tools as teaching assistants 

In [45] the authors discuss about robots being used in different pedagogic 

field at all levels. They suggest that if robots have to be easily accessed 

widely in teaching, then there should be a lot of awareness to be raised 

within teaching professions, low cost robots and wide range of applications 

have to be made available at all parts of the world. They also have reviewed 

these robotics applications at different universities.  

 

In [46] the authors show a human- robot interaction for children for teaching 

them language skills. Here they have made comparison between non-

computer-based media (such as books with audiotape) and web-based 

Instruction (with the help of robots). The results suggest that robots are more 

effective for children’s learning as it increases their concentration and 

interest. 

 

In [23], the authors use a social robot for tutoring a second language for a 

child. Since in a classroom there cannot be one to one (Private) learning from 

a teacher, these robots are very useful as they intend to be “private tutors”. 

This system consists of a robot and a tabletop environment, where the robot 

interacts with the child in its language. In [24] the paper proposes a virtual 

teaching assistant working with teachers to help students in their practice of 

computer language programs. There are 2 mechanisms. The first one is that, 

it evaluates the correctness in student’s program by tracing students answers 

and to identify the errors and gives a hint. In a second mechanism, it uses 

previous hints given by the teacher to other students in similar error 

situations to produce(new) robot hints. These 2 mechanisms reduce the 

complexity of Machine Intelligence. 
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2.1.1 Digital Tools in the field of Education 

There is a lot of research going on how to increase the participation and 

engagement of students in the class. As instruction has moved from 

instructor-dominated to student-centered, even the importance of student 

involvement has grown. Below are the few advanced technologies that are 

booming in the field of pedagogy.    

 

1. Padlet: It is new technology that has been evolving which provides free, 

multimedia wall which is used to encourage the participation of students. 

Here all students have the ability to contribute and learn from one another, 

this helps in collaborative classroom work [50]. 

 

2. Poll Everywhere: It is a web-based Audio Response System that uses cell-

phone based texting to collect participant responses. With 

computer/projector the aggregated responses are displayed to the audience 

and discussions [51]. 

 

3. Kahoot: This is a tool for using technology to administer quizzes, 

discussions or surveys. It is a game-based classroom response system played 

by the whole class in real time. Multiple-choice questions are projected on the 

screen. Students answer the questions with their smartphone, tablet or 

computer [49]. 

 

4. Holographic Teleportation: Teleportation is described as a technology that 

provides audio, visual and interactive projection of a person i.e. digital 

images, who can have eye-contact with viewers by staying at any part of the 

world. This system requires simultaneous transfer of data, materials and 

other images continuously from the internet [52]. 

2.2 Face Tracking based on colour 

By using skin-color, [13] tracks person’s face moving freely in a room. The 

proposed model tracks different people with different skin colors in real 

time and in different lighting conditions. They also have two other models, 

one for image motion and other for camera motion. This system claims to 

work with 30+ frames/second. In [14], authors obtain size and position of the 
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face by two 1-D histograms obtained by skin-color filtering. This system uses 

a linear Kalman filter for smooth tracking of face. In [15] authors describe a 

method for detecting multiple skin colored objects by a moving camera. By 

using Bayesian classifier and some training data, skin colored objects are 

detected. In case of varying illumination conditions, skin color detection 

may produce very unusual and unacceptable errors. To solve this problem 

authors have maintained 2 sets of prior probabilities. One is the training set 

and the second would be the most recent frames acquired, this is known as 

Online adaptation. Skin colored blobs will be detected in an image at every 

instance and along with it a maintained object hypothesis to assign a new 

label for new incoming objects and to detect old labelled objects. 

2.3 Face tracking based on shapes 

In [16] authors use 2D blob features and tracking people from 3D shape 

estimator. By using nonlinear modelling along with iterative and recursive 

method, the paper obtains a 3D geometry from a blob. This technique can 

self-calibrate itself in identifying hands and head of a moving person in an 

image with small RMS [Root Mean Square] errors. By using a monochromatic 

imagery [17] can detect and track many people in outdoor environment, while 

the method can also identify the different body parts. In every frame of the 

video a foreground object is subtracted from a background by performing a 

series of thresholding, noise cleaning morphology filtering and then object 

detection. The main disadvantage in this algorithm is that when there are two 

people in a scene they are merged, and the system identifies them as one 

person. To overcome this problem the method waits till the persons move 

apart. This can be tracked by using simple extrapolation methods at merging 

points. 

2.4 Face Detection 

In [1] a face detection algorithm which became very popular has been 

suggested. One of the main contributions in this paper is to use cascade 

classifiers which aims to discard the background region of the image and 

concentrate on the object i.e. region of interest. Here they made use of 

AdaBoost which selects a small number of visual features from a large set. At 

first the feature which is selected mainly concentrates on the eye region 
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because it is darker than the nose and cheek area. This method was used in 

experiments on a large dataset of faces and gave very good results. We 

referred paper [9] and also made use of built in libraries of this method to do 

multi view face detection. The author’s Viola and Jones extend their idea 

published by them in 2001 [1]. They had built different detectors for different 

views of the face. A decision tree training was then used to construct the face 

detector. 

2.5 Face Recognition 

In [18] the obtained face images are projected onto a face space defined by a 

set of eigenvectors which are called Eigen faces. The useful features are 

projection coefficients on Eigen faces. The faces are then classified by 

comparing the coefficient vector in the feature space with those of known 

individuals. The advantage of this approach is in its speed and learning 

capacity in terms of recognizing facial images. 

 

 In [2] and [22] the authors describe a learning approach which has high 

capability of processing images to detect faces by local binary patterns. In [22] 

the face area is divided into small regions from which LBP histograms are 

extracted and then all histograms are concatenated to get the whole face 

image. The authors here have compared the LBPH method over other 3 

methods namely PCA, Bayesian Classifier and Elastic Bunch Graph matching 

and experimented over three different databases and have found that LBPH 

had higher detected faces and a recognition accuracy (80%)compared to the 

other 3 algorithms. In [19], the SVM’S with a binary tree recognition strategy 

are used to solve the Face Recognition problem. The paper suggests that SVM 

model has a higher accuracy, than the Eigenface approach. It uses Nearest 

Centre Classification technique and the experiments are done on Cambridge 

ORL face database. In [20] a new technique named 2D PCA is used for image 

feature extraction. It has built-in advantages upon the traditional PCA 

technique. In PCA, 1D vectors are being used to obtain face eigenvectors, so 

the 2D images must be transformed into 1D vectors to do feature extraction. 

In 2D PCA one efficiently obtains a 2D image matrix to obtain the Covariance 

matrix. After a transformation based on the matrix eigenvectors, a feature 

matrix is obtained for each image and later a nearest neighbor classifier is 

used for classification to do the recognition. The, 2D PCA is suggested to have 
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more recognition accuracy compared to other recognition techniques. In [21] a 

method for face recognition has been developed for mobile robots, that can 

learn new faces and recognize them. At first, LBP is used to detect face (rather 

than to recognize it) and cut out the face region. Then from the database, the 

target face can be recognized using SVM a support vector machine on the 

eigenfaces coefficient. 

2.5.1 Mobile phone-based systems 

Smartphones have become convenient and offer good interface for many 

internet services.  

 

In paper [47] the authors present a face recognition approach based on cloud 

computation which utilizes cloud resources, where all the large computations 

are computed on the cloud. A smartphone is responsible for taking photos 

and perform some pre-proceedings before sending it to the cloud. In cloud 

there would be OpenCV installed and the face recognitions are performed 

there. Further, the results are communicated to the mobile smart phone. 

 

In paper [48] the authors propose a mobile phone-based face recognition for 

automatic classroom attendance management. Here the proposed 

architecture system consists of 3 layers: - 1. Application layer- it consists of 

teacher application, student application and parent application. 2. 

Communication Layer- it communicates between application layer and 

server layer, 3. Server layer- Here the face detection and face recognition are 

performed. The authors evaluate between 3 different algorithms i.e. 

Eigenfaces, Fisher faces and LBPH method, but the results are unclear about 

which algorithm gave better results. Additionally, the system assumes that 

all students have functional mobile phones (e.g. no-one complains about 

battery) at required times, the students provide genuine selfie style images 

(e.g. they do not let someone else pass after imaging when there are many 

students), that the communication with cloud system works timely, and error 

free for all students. 

 

The second main task after face recognition is to provide the quiz papers to the 

students through speech synthesis. Below are some relevant studies on speech 

synthesis works. 
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2.6 Speech Synthesis 

In [26] they use transfer functions to represent time varying parameters of 

speech tracks, 15 parameters have been used- namely 12 predictors co- 

efficient,1 pitch period, 1 binary parameter and 1 RMS value of speech 

samples. These 12 predictors are used to obtain the mean square errors 

between actual and predicted values of samples. These errors are encoded 

and fed to a synthesizer to yield an output from a linear recursive filter.  The 

main application of this system is for determining speech characteristics of a 

speech sound to be helpful in transmission and storage of speech signals. By 

using the characteristic of a sine wave, [25] has developed a model for a 

limited vocabulary of short speech waves [a set of “phonemes” (syllables)]. By 

doing short time Fourier transform with peak picking (“plot” the waves and 

pick the wave which has the highest value) algorithm amplitudes, frequencies 

and phases of sine waves components are extracted. These sine waves are 

passed through a birth-death frequency tracker and then a cubic phase 

function is applied as smoother on the combined sine waves to obtain the 

final speech output. Such systems provide high quality output for different 

sound types such as music waveforms, marine biologic sounds, overlapping 

speech etc. 
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Chapter 3  

3 BACKGROUND METHODS  
 

This chapter includes a background method of the technical part of the 

problem. It covers also information about the hardware and software 

environment, Baxter Robot, Operating system used and OpenCV libraries. 

There is also an introduction to the Face Detection, Face Recognition and 

Speech Synthesis problems. 

3.1 Computer Vision  

In human visual system, our eyes roughly are camera and our brain 

correspond to the processing software.  

In computer vision, firstly the camera has to capture the image and this image 

is obtained by the reflection and transmission of light from an object. The 

light intensity is further sent to the built-in sensors of the camera. These 

sensors act like eye by converting all the intensities to a range of values. In the 

case of digital images, the range is further quantized, commonly 256 different 

values for each color channel. Note that light is a form of electromagnetic 

energy spanning a frequency range where each frequency being a “color”, 

known as the visual spectrum [5]. Figure 1 shows a scene of a human sees a 

dog. A Computer vision application sees the dog scene and at the camera 

output level it sees an ordered set of integers in the range of (0,255). 

 

 
Figure 1: Human vs Computer Vision [5] 

 



 

Chapter 3. Background Methods  17 

 

 

Human beings can identify objects known without efforts, for example we 

can easily detach/segment a dog from its background in a photograph taken 

by someone else and a dog we have never seen (because we know how dog 

like animals look like). For performing pattern recognition our eyes and brain 

are together capable of extracting information from an image representing 

objects in three dimensions with advanced properties such as depth, 3D 

shape, pose, color, name of the object class and even name of an individuals 

in the class. [6] 

 

But in a computer vision system these are properties that cannot be obtained 

when captured an image easily, this must be recovered if needed by 

“inverting” the camera acquisition process which our brains obviously can 

do. We do not know how human brain achieves the “inversion” but 

Computer Vision algorithms must use complex methods to achieve only 

partially what humans do easily. 

3.2 Baxter Robot:  

Baxter is a humanoid industrial robot which was founded by Rodney Brooks 

and built by Rethink Robotics. Baxter is an industrial robot, but in recent 

years it has been used for various educational purposes too. It weighs around 

150 kgs and is 1.8m tall with its pedestal. Baxter is a two-armed robot with an 

animated face. It has 3 cameras in total, one on its head and one on each of its 

arms. It runs on Robot Operating system, (ROS) on a regular Personal 

computer which is in its chest [7]. In our project we have used Baxter and we 

have implemented RAQUEL in it. Below RAQUEL will be used instead of the 

term Baxter. 

3.3 Robot Operating System (ROS):  

ROS is a collection of software frameworks for robot software development. 

But ROS is not an operating system, it is basically designed to work with, 

implementation of commonly used functionalities, message passing between 

processes and package management. ROS (Robot Operating System) provides 

libraries and tools to help software developers create robot applications [8]. 
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3.4 Open CV:  

OpenCV (Open Computer Vision) is a library that implements many 

algorithms commonly used in the field of computer vision. Images as they are 

stored on computers are large, two dimensional arrays of pixels. Computer 

vision techniques can also be applied to videos, which are stored as sequences 

of images. OpenCV provides algorithms that can be used for tasks such as 

identifying faces in an image, recognizing predefined objects and shapes and 

also detecting movements in a video. OpenCV provides many functions 

useful for recognizing objects within an image. 

3.5 Face Detection 

Face detection is a more specific case of object detection where the purpose of 

it is to find the face instances of an image. This is done by drawing a 

rectangular window around the face. In this context the window is a 

reasonably “tight” box containing one face and is equivalent to a region of 

interest (from now on called ROI). This box is rectangular and is normally 

aligned to image scan lines. When it is not aligned then a geometric 

transformation comprising rotation is applied to obtain the alignment. 

Further, we make use of a classifier to check if the ROI contains face instances 

or not. The ROI’s are varied for different sizes to obtain the face in an image at 

a correct scale [1,9]. 

 

If the classifier gives a positive response for a specific ROI i.e. ROI contains a 

face, the position and size of the ROI is defined as the bounding box of the 

face and the algorithm moves on until all the image locations have been 

processed. In our work we have used Haar-Cascade for ROI extraction and 

face detection. 

3.5.1 Haar -Cascade:  

Object Detection using Haar features-based cascade classifiers is noted as an 

effective object detection method proposed by Paul Viola and Michael Jones 

in their 2001 paper, [1]. It is included in OpenCV libraries. It allows finding 

multiple faces in an image with low processing times, Viola and Jones based 

their algorithm on numerous simple features and classifiers cascaded. To do 
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this the method uses a Haar base for the extraction of characteristics and Ada-

boost for the selection and classification of characteristics. The flowchart is as 

shown in Figure 2. 

 

 
 

Figure 2: Flow Chart of Face Detection 

 

It is divided into three stages: 

 

1. Integral Image: Generates a new image representing the sum of pixels in 

rectangles “left-behind”. Integral images are used to compute the projections 

in step 2 in a computationally effective manner. 

2. Feature extraction: Local Haar feature images are computed by projecting 

the original image neighborhood on the Haar filters. These projections are 

features producing feature-images. 

3. Construction of cascade classifiers: Using AdaBoost a series of weak 

classifiers are constructed and combined in cascades. 
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Integral image: Summation of pixel values in any box, can be obtained as 

appropriate subtractions of ii evaluated at three corners of the box from the 

fourth, see Figure 2.1 

 

 
 

Figure 2.1: Pixels used to represent the integral image ii (x, y). Summation of pixels 

in the lower right corner equals to ii(x+x,y+y)-ii(x+x,y)-ii(x,y+y)+ii(x,y). 

 

Feature extraction: The extraction of characteristics is carried out by applying 

image filters based on Haar filters over the original image instead by using 

integral image. These characteristics are calculated as the difference of the 

sum of the pixels of two or more adjacent rectangular zones [1,9]. This 

algorithm uses three types of Haar characteristics: 

 

1. The two-rectangles feature, which is the difference between the sum of the 

pixels of two Rectangles. These rectangles have the same shape and are 

adjacent vertical or horizontally. Each one participating to subtraction can be 

obtained via the integral. 

  

2. The three-rectangle feature, which computes the sum of the pixels within 

two outer rectangles, in turn, subtracted from the sum of a third inner 

rectangle. Each subpart is computed via the integral image as before. The two 

and three rectangles based Haar features are illustrated in Figure 2.2 (a). 

 

3. The four-rectangle feature, which computes the difference of paired 

rectangles in diagonal. An example of a ROI extraction using two-four 

rectangle features is shown in Figure 2.2(b). 
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                              (a)                                                                       (b)  

 

            Figure 2.2(a): Haar-like features for face Detection, Figure 2.2: (b): Face 

detection using haar-like features [43] 

 

Construction of cascade classifiers: Boosting is a classification method that 

uses basic classifiers (Adaboost) to form a single classifier more complex and 

precise. This algorithm adds simple classifiers one after another, each one 

with a slightly higher accuracy than a random classification and combines 

them to get a much more accurate classifier. [1, 9]. The Classifier is as shown 

in the figure 2.3. 

 

Figure 2.3: Cascade Classifier 

3.6 Face Recognition 

Face recognition is the process of labelling a face as recognized with pointer to 

identify or unrecognized. The process needs face detection as a preprocessing 

step, followed by data collection for user/client enrolment and training steps 

before the recognition stage can take place. In the face detection phase, 

regions of a face within an image are identified and their location is recorded. 
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The pre-processing stage not only detects face but also modifies the image by 

removing unwanted features such as shadow or excessive illumination, by 

performing histogram equalization and enables face alignment for face 

recognition. In the collection step, the detected face locations are stored, with 

respective ID’s for training if they are to be utilized as reference faces to be 

recognized in the recognition phase. In the training step, one trains the stored 

face image data with respect to other faces and generate a file representing 

facial identity references which are later used for recognition of a non-labeled 

face when recognition is optional. The final stage is recognition, that identifies 

the face as recognized or not recognized. The algorithms that we 

implemented and evaluated are Eigenfaces, Fisher faces, Local Binary Pattern 

Histogram(LBPH) and Convolutional Neural Network (CNN). Note that 

CNN was used only for evaluation purpose offline, i.e. it was not tried live in 

a classroom. This is further explained in experimental results. 

3.6.1 Eigen Faces 

In [33] Principal Component Analysis (PCA) is applied to obtain recognition 

of faces. This method was called Eigenfaces after the Eigen vectors that are 

used to describe the faces. It uses the image data of a face as a single vector 

and applies the PCA method to the training vectors to find the Eigenspace. of 

the training samples to describe the training sample. In [33] this method is 

suggested to perform quite well and achieves almost real-time performance. 

The major advantage of PCA is that the eigenface approach helps reducing 

the size of the database required for recognition of a person. The user images 

are not stored as raw images rather they are stored as their weights which are 

found by projecting each face image to the set of eigenfaces obtained via 

training. Eigen-face approach is one of the most well-known face recognition 

algorithms. 

3.6.2 Fisher Faces 

Belhumeur et al. [36] applied Fisher linear discriminant analysis to face 

recognition, using a linear projection onto a low dimension subspace. In 

contrast to the Eigen- face, which maximizes the total variance within classes 

across all faces, the Fisher face approach confines the variance within classes 

to the classes themselves. This result in minimizing the spread of variance 
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within the same class while making the distance between classes large. For 

example, by using multiple facial images of the same person, where one of the 

face images is with an open mouth, the open mouth discriminating factor 

would be confined to the images of this person only. 

3.6.3 Local Binary Pattern Histograms (LBPH)  

Here the face area is first divided into small regions from which Local Binary 

Pattern Histograms (LBPH) are extracted and concatenated into a single, 

spatially enhanced feature histogram representing the unique identity 

characteristics of a face image. The idea behind using the LBP features is that 

the face images can be seen as composition of micro-patterns which are 

invariant with respect to monotonic grey scale transformations [2]. 

Combining these micro patterns, a global description of the face image is 

obtained [21]. The process produces a feature value by comparing the pixel 

value of a 3x3- perimeter with the center value and the comparisons result in 

an 8-bit binary number. Then the histogram of such 8-bit labels are used as a 

descriptor of face identity. A weight can be set for each region based on the 

importance of the information that the region contains. 

3.6.4 Convolutional Neural Network (CNN) 

CNN, a booming recognition method in recent years, can be used to perform 

face recognition. CNN makes use of 2D pictures as inputs, it consists of 

several hidden layers and these are composed of large number of neurons, as 

shown in the Figure 3. The input to the first layer is a picture of a face and the 

output of the last layer will be the predicted class which, in our context will 

be the person identity. 

 

When an input image is passed to the first layer, the obtained output is 

convolved with a filter and this linear transformation is fed to a non-linear 

activation function that either passes or suppresses the convolution result of a 

pixel to the next layer. After that a down sampling is applied by choosing 

either the maximum or the average in fixed strides (of two usually). The latter 

is called pooling layer. Thus convolution, activation and down sampling 

follow each other, and the result is fed to a new set of convolution, activation 

and down sampling until the image sizes reduced significantly as determined 
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by the designer. Filters that are applied are intended to extract only 

"important" features from an input image to pass further to activation 

function and beyond (to the next convolution layer or fully connected layer). 

The filter coefficients are determined by training such that they minimize 

recognition on the training-set errors. There can be as many layers as 30, each 

comprising convolution, activation, down sampling, which helps in extracting 

features that are task relevant. Deeper the network, the more specific features 

are extracted. After convolution etc. layers, follows full connected layers in a 

cascade ending in the output layer. The last layer calculates gradient error 

and mean square error loss. These errors are then used in back propagation 

algorithm to update the weights and bias, recursively back to the beginning 

layer to which the input image feeds. 

 

Here we performed feature extraction in MATLAB using Alexnet, where the 

training is inbuilt. 

 

Figure 3: Working of CNN 

3.7 Speech Synthesis 

  

To make RAQUEL speak, we made use of Sound_play module which is 

inbuilt in the robot system. This provides ROS to translate text commands 

into sounds. The node supports built-in sounds, playing OGG/WAV files, 

and doing speech synthesis via Festival. Festival is a general multi lingual 

(currently British English, American English, Italian, Czech and Spanish, 

with other languages available in prototype) speech synthesis system 

developed as CSTR (Centre for Speech Technology Research) [11]. It offers a 

general framework for building speech synthesis systems as well as 
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including examples of various modules. As a whole it offers text to speech 

through a number APIs. C++ and Python bindings allow nodes to be used 

directly without dealing with the details of the message format, allowing 

faster development and resilience to message format changes [12]. 

  

In practice soundplay_node.py subscribes to robot sound and plays sounds 

on the sound card. This node must be running before the command-line 

utilities described below can work. 

 

1] Subscribed Topics: Here we get subscribed to Sound node and act like a 

listener. We listen to the messages published by this node. 

 

2] Published Topics:  Here we publish messages to the Sound node and act 

like a talker. 
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Chapter 4  

4 OUR METHODOLOGY 
 

This chapter presents the chosen work methodology of thesis experiments. 

The chapter explains the steps of the system as well as important image 

processing’s applied to images. It also describes how the implemented 

algorithm was evaluated and verified. 

4.1 Communicating with Baxter robot 

  

This is the initial step enabling to program and run methods on Baxter. It 

needs to have a separate PC to help with this, as shown in Figure 4. We have 

referred [28, 29] and we were able to initialize this step. The Baxter currently 

runs on LINUX and ROS, a software platform that is in increasing use in 

robotics community. Through ROS we communicated to Baxter via our 

personal computer which had Ubuntu, a version of LINUX OS installed. 

 

 

 

Figure 4: ROS communication between Baxter and LINUX 

4.1.1 Accessing Baxter Cameras 

This is the first step that must be done to perform face recognition, through 

ROS commands [29] to access Baxter cameras. Baxter has three cameras 

situated, one each on its head, left arm and right arm. The (artificial) 

constraint here is that we can turn on only 2 cameras at a time. For our project 

we made use of Head camera with a resolution of (1280x800). These 
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resolutions can be varied to predefined image sizes based on needs of 

different tasks.eg: (320x200), (640x400) etc. 

 

In the beginning, when we capture an image by head camera, these images 

need to be transferred to (currently) an external personal computer via ROS. 

The image is in the form of ROS image messages which is obtained by 

subscribing at the camera node. Further, the images will be processed by 

OpenCV software (which we use for both face detection and recognition). We 

have used a built-in function called "CV_Bridge" to convert the obtained 

image message into a color image as shown in the Figure 5. 

 

 

 

Figure 5: Usage of CV bridge 

4.2 Image Processing 

When performing an object recognition algorithm in an image, it is 

important to think that the obtained data of the image, is consistent over 

time, place and environmental conditions. Properties like color, light, 

viewpoint, scale and orientation of the object in the image play a vital role 

for and against description of an object. To obtain a robust description, the 

image must be pre- processed to improve the image quality and be 

unaffected by variations of light (on which color depends) of light scale and 

orientation. This chapter describes the preprocessing of an image that we 

applied, to obtain input data. 
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4.2.1 Converting RGB Image into Grayscale 

The robot could face several adverse environmental conditions for face 

detection like illumination, variation in space and time, insufficient light 

intensity and even temperature. In our system, LBPH showed positive results 

compared to eigenfaces and fisher faces in not getting affected by the above- 

mentioned conditions. LBPH makes use of grayscale image as an input, hence 

we converted the obtained RGB image into grey image. This lessens the 

impact of color on the input image. Figure 6, shows conversion from RGB to 

Grayscale 

 

 

 

Figure 6: Converting RGB image to Grayscale image 

4.2.2 Pre-Processing 

Face recognition algorithms are vulnerable also to head orientation, partial 

face occlusion and facial expression in addition to light condition. To reduce 

light intensity variation from influencing the algorithm adversely, 

histogram equalization is frequently utilized. The image histogram is 

produced by a count of pixel values in the range of 0-255, as shown in 

Figure 7. If most of the high bins are to the right of the histogram, the image 

is bright and if most of the high bins are to the left of the histogram, the 

image will be dark. Equalizing a histogram distributes the bins evenly 

across the image, giving it a good contrast. In practice, old pixel values are 

mapped to new pixel values using calculated table/function. 
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(a)                                                   (b) 

 

Figure 7 (a), (b): shows histogram equalization, redistributing the intensity of 

light across the image. Figure 7 (a) shows dark regions which occur as high bins 

on the left side of the original histogram. Figure 7 (b) shows how histogram 

equalization mapping of original intensities to new values distributes the 

intensity towards values previously used scarcely. 

4.3 Face Detection Using Viola Jones Method 

 

To locate the faces in an image, we made use of Viola and Jones algorithm 

with boosted Haar Cascades which are explained in Section 2.5.1 in detail. 

This algorithm allows us to implement a system in C++, python or MATLAB. 

There were many pre-computed Haar- cascades which are available in the 

OpenCV software [30]. Hence, we made use of them instead of creating new 

cascades. This also ensures that we use state of the art and reproducible 

parameters when results are compared to other algorithms. 

We have made use of four Haar Cascades i.e. two for frontal face, one trained 

on eyes and another trained on mouth regions, which are all applied on the 

original image.  

 

The face will be retrieved from the image when all four cascades show 

success. In this algorithm we mark a ‘blue’ rectangular box around the 

detected face by using each frontal face cascades and then ‘red’ rectangular 

face box is drawn by calculating the mean produced by the two frontal face 
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cascades i.e. blue box. Here the other two cascades i.e. eye and mouth were 

used for face alignment. 

A typical detection made by the face detector is shown in Figure 8. 

 

 
 

Figure 8: The blue boxes mark the detections by the two individual OpenCV Haar- 

cascades and the mean face box marked in red is the final output. 

 

The mean face box is returned when all Haar-cascades had a positive 

detection. If one of them had not found a face, an empty face box is made to 

return. Using less than two Haar- cascades have not been investigated.  

Each cascade can be tuned by the following parameters: min size, max size, 

scale factor and merge threshold. These can be used to modify different 

tasks adapted to the current situation. Min size and max size is used to 

regulate the bounding box search interval. Small increments increase 

detection accuracy but also increases run-time. The merge threshold 

regulates how many detections that needs to be merged to be classified as a 

correct detection. Min size (30,30) and max size (80,80) were selected, 

empirically seemed to find most full-frontal face images in images from 

typical classroom scenes. Increasing this parameter as the resolution can 

potentially increase accuracy but the benefits “planes” up to a certain 

value, after which detections are rejected too frequently instead. 

4.3.1 Scaling and Resizing 

Objects in image data can vary in size due to viewing distance. Hence, we 

must resize all the images in the database to a fixed size to have comparable 

properties. The amount of data to be processed can also be reduced when 

scaling down large ROIs. This can be of a major advantage in robotics since 

processing speed is of great importance [32]. Face images will often be scaled 
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to a fixed size, and in these scaled images there will be variations in 

information content between faces that initially were small and others that 

were large. In our project we used appropriate scaling factors so that the 

resolution of the ROI image was 100 x 100 unit pixels, for all the retrieved 

ROI containing face data.  

4.3.2 Feature Extraction 

The Viola-Jones algorithm implementing (OpenCV) Haar-cascades to extract 

facial ROI’s deliver locations in training and sizes of which are rescaled and 

used as input for face identity localization establishment [22]. The face 

images are mostly full frontal (some rotated faces are still included) in 

training, so the centers of the eyes and the mouth are extracted from the face 

images by using respective Haar cascades due to their invariance over 

different individuals. This is essential to the face alignment step since it 

cannot be performed without facial feature points. 

  

The following cascade settings were used: a scale factor set to 1.3 and a 

merge threshold set to 5 was used for the face. The min size was set to 

(20,20) for the eyes and (15,25) for the mouth. Max sizes were set to (80,80) 

and (90,95) for the bounding boxes. The merge threshold was set to 8 for the 

eyes and 12 for the mouth to decrease the amount of false responses. An 

explanation of these settings is given in the introduction of Section 4.3 

 
 

Figure 9: Eye and mouth center points detected using the Viola-Jones 

algorithm and OpenCV Haar-Cascades 
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In figure 9, we can see an example in which good accuracy center positions 

of eyes have been successfully detected similarly the locations for the mouth 

is good. Less accuracy in mouth is due to that there are large differences in 

mouth appearances among the individuals. So, to increase the accuracy and 

overall speed of face detection, we made use of the basic  on the facial 

geometry Here we know where the features are located approximately, 

hence only by searching in those regions where the features are supposed to 

be found gave us good results, for example for finding right eye center only 

searching in the top-right quadrant of face, ROI is applied and  for left eye 

center searching only in the top-left quadrant and the mouth center in the 

bottom half of the image were applied. This can be done by tiling the face 

image into even smaller pieces to remove inaccurate detections. In the cases 

where multiple boxes for the same feature are found, the box with the 

smallest area was selected for the eyes and the box with the largest area was 

selected for the mouth. 

4.3.3 Face Alignment 

To improve the accuracy in face recognition we performed aligning of faces 

with respect to scaling and orientation. 

 

Aligning faces with respect to these parameters has been shown to improve 

performance in face recognition and is often a crucial step in such systems 

[32]. Using the previously extracted eye and mouth center points a 

geometric transformation can be found by solving the linear least squares 

problem [42]. The equation solved transformations is further applied to the 

facial image to normalize the face with respect to scale and rotation. The 

geometric transformation calculated by linear least squares was affine 

transformation. 

  

For the obtained face images if we had a non-frontal or non-upright image we 

have thus performed histogram equalization, rotation, translation and scaling 

due to the fact that this benefitted the recognition performance of LBPH 

model will be benefitted more to increase the accuracy of recognition. The 

steps are as follows: 

 

1] Translate ROI such that eyes “midpoint” is mapped to the same point. 
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2] Rotate ROI such that the eyes lie on a horizontal line. 

  

3] Scaled ROI such that the size of the faces is approximately identical to the 

resolution of (100x100). 

  

Once a face is detected, the rectangle is sent to the "Face Aligner" function 

where it returns the normalized detected face image. The dataset we 

created for training had 20 different angled images of a person. 

The Images obtained will be stored in the dataset with respect to ID. (Sample 

Number).JPG 

 

Where: 

ID --> Identification Number of a person (internal to this project not social 

security number, etc) 

 

Sample Number --> " Nth” image of a person. 

 

Example: 1.0. JPG, 1.1.JPG, 1.2.JPG etc. 

 

Face model for Rotation and Scale Compensation 

 

In our system we have defined the face model to have center of the two eyes 

and a full-frontal mouth pose. The distance between the two eyes is calculated 

using distance formula and is represented as ‘E’ point in Figure 10(c). The line 

between the eyes is referred as ‘eye-line’ which defines 0-degree direction for 

the face coordinate system. 

Further the mouth center which is referred as ‘M’ point in the mouth region is 

assumed to be below the middle of the eye line i.e. exactly below the E point, 

this center is obtained using mouth cascade. 

Now by using these two reference points (i.e. E and M) we calculate the center 

point of the face by using the distance formula, this is roughly the position of 

the nose which is represented as ‘C’ point in the Figure 10(C).  The midpoint 

between (the eyes and mouth) E and M is the origin. 

In order to have the face alignment, all the three reference points are used to 

calculate the geometric transformation because fewer reference points cannot 

determine it since the transformation is affine transformation.  
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Affine Transformation: It is a linear mapping method plus a constant vector 

addition. Its parameters are found by using correspondences of points but 

even straight lines and planes. After finding the affine parameters via 

correspondence and performing the transformation, sets of parallel lines will 

remain parallel. This technique is used when we have geometric distortion or 

deformation of an image. In our case it is used when persons face is not 

aligned (sometimes we may have non-frontal in addition to non-upright face 

images). 

Using the face center as a point of reference, the face box is set to size 

(100,100) pixels. 

 

                              

 

  (a) Unaligned face                    (b) Aligned face                 c) Reference Points 

 

Figure 10: A face before and after the alignment step, detected feature points are 

marked in red. 

 

The results of a typical facial alignment are shown in Figure 10, where the 

affine transformation has successfully aligned the feature points according 

to the face model. The eyes are horizontally aligned to each other with the 

interocular distance normalized to the fixed (predetermined) distance- D, 

which achieves a cropping centered on the face. 

4.4 Creating Database-  For training of client students 

When we created a data set for the experiment, we not only had an 

"Upright" and "Frontal Images" we even had a "Non-Frontal Images" i.e. 

crooked faces and single image pictures with dark homogeneous lighting 

conditions, as shown in Figure 11 , because of this we had errors in 

recognition that is mismatching of faces, so for this problem we 

implemented a face alignment that would correct the axis of the eyes to a 
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horizontal line (0 degree line) .The images also exhibit variation in facial 

expression i.e. smiling and not smiling, open or closed eyes. All the images 

were taken against a normal lightning background with subject to some 

degree of facial rotation up to 20 degrees. The images are all grey scale with 

a resolution of 100 x 100 unit pixels.  Figure 11 and 12 shows the procedure 

of creating database and Figure 13 gives the overview of Face Detection 

algorithm. 

  

 
 

                                      Figure 11: Different angled faces in dataset 

 

 
 

Figure 12: Identity Database Creation 
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Figure 13: Overview of Face Detection procedure for N persons. 

4.5  Training  

The more images used in training, better the accuracy can be expected in 

recognitions. 

Here the recognizer learns different ‘faces’ of the same person; for example: 

laughing, sad, happy, crying, with and without a stubble, with and without 

spectacles etc. 

 

Initially we collected 20 different images of 26 people and performed 5-fold 

cross validation. We used 15 of them for training and another 5 for testing 

using 75:25 ratio of original face images. Our training data consists of 15 

different images of each person. The database creation process is illustrated in 

Figure 12. 

 

The dataset consists in individually named images of X_Y.jpg as the format. 

We have also a data-set named test-data which contains images that we have 
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used to test our face detection and recognition algorithm after we have 

trained the system. These images were single instances for each person. 

 

With that in mind, the directory structure tree for training data is as in figure 

15. 

 

The OpenCV face recognizer will accept only integers as their identities, so 

one should map these to the person’s actual name. To do this we have created 

SQLITE database as shown in Figure 14, where we saved the person’s actual 

name and the integer ID number given to them while creating the database. 

 

 
 

Figure 14: SQLITE Database (Names are encrypted for privacy) 

 

 

Figure 15: The mapping of a person’s integer labels and their respective names. 
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In detail, we can further divide this step into the following sub-steps: 

 

1. Read the training data-set. 

2. Extract the ID number. 

3. Read all the images of same person and apply face detection to each 

one. 

4. Add each face as a face vector with the corresponding person ID 

(extracted in the above step). 

4.6 Face Recognition methods 

Three methods were evaluated separately in the face recognition step, these 

are described in detail below. 

4.6.1 Eigen faces  

It has been described by Turk and Pentland [18] in their 1991 published paper 

“Face Recognition Using Eigenfaces.” The principle of their algorithm is 

based on PCA, where grey level images are reduced down to the most variant 

features by projecting them to a lower dimensional subspace. Recognition 

between images is performed using distance based matching method. If the 

distance between a test face and a face in the training set is small and above a 

threshold, the new face will be classified as known with corresponding 

identity of the stored face. Otherwise, the new face would be classified as 

unknown [34] 

 

Step 1: Face image representation for eigenfaces 

  

Training set of m images of size N x N are represented by vectors of size 𝑁2. 

Each face is represented by Γ1, Γ2, Γ3, …, ΓM. Feature vector of a face is 

stored in by scanning the matrix elements, example: in reading direction row 

wise or column wise N x N matrix. Subsequently, this two-dimensional vector 

is changed to one dimensional vector. 
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For example: 

-----> (1) 

 

-----> (2) 

 

Each face is represented by the vector Γ1: 

----> (3) 

 

Step 2: Mean Centered Image 

 

Average face image is calculated by: 

 

   ψ = 
1

𝑀
∑ 𝛤𝑖

𝑀
𝑖=1   

   ------------> (4)  

ψ = (1 + 2 + 3 + ...+ M) M    

                                                                                   

Each face differs from the average by Φi = Γi − ψ which is called mean 

centered image. 

                     

-----> (5) [18] 
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Step 3: Covariance Matrix 

 

                            𝑆 =  
1

𝑀
 ∑ (𝑋𝑖 −  µ)( 𝑋𝑖 −  µ)𝑇𝑖𝑀

𝐾=1                    ------>  (6) 

 

where i is the transposed vector. 

 

The significance of covariance matrix is not so much as the value it contains, 

but as the sign of those values, since the diagonal of the covariance matrix 

will show the direction in which data is changing. A positive value of 

covariance shows that two locations in a face image increase or decrease 

together. In that sense the covariance matrix measures second order texture 

statistics of a face. A negative value indicates when one-location increases, the 

other decreases, and a value of zero shows that the dimensions are 

independent of one another. [18,33] 

  

Step 4: Compute the Eigen values 𝜆𝑖 and Eigen vectors vi of covariance matrix 

S. 

 

                        SVi =  λiVi    for  i = 1,2,3 … n                      ------> (7) 

 

Note that this Eigenvector computation is very costly computationally. An 

equivalent version of it with less dimension is solved in practice. 

 

Step 5: Order Eigen vectors by their Eigen values. Eigen vectors with small 

Eigen values are less significant than those with higher Eigen values and are 

ignored. Eigen vectors with higher Eigen values are the principal components 

of data, PCA subspace. 

Step 6:  Project all training images into PCA subspace. 

Step 7: Project the query image into PCA subspace. 

Step 8: Compute the smallest distance between the projected query image and 

those of training images of every person in the training database to determine 

the person identity or opt-out if the smallest distance is not small enough 

(below a threshold). 
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Advantages of PCA 

  

1. It is a simple approach which can be used for data compression and face 

recognition at the same time. 

2. Operates at a fast rate once eigen faces are known. 

 

Limitations of PCA 

 

1. It is sensitive to lighting conditions and position of faces i.e. the alignment 

must be extremely precise.  

2. Considers every face in the database as a different image, even if they are 

faces of the same person. 

4.6.2 Fisher face  

Fisher linear discriminant analysis was first developed by Robert Fisher [35] 

in 1936 for the classification of flowers. It is a classical technique in pattern 

recognition that performs a class dimensionality reduction. The principal idea 

is that similar classes are clustered together, while different classes will be 

scattered as far away as each other. 

 

Fisher Linear Discriminant Analysis 

  

Fisher Linear Discriminant Analysis (FLDA), also known as Canonical 

Discriminant Analysis is like PCA, a linear transformation. Unlike PCA, 

FLDA is a supervised method when it comes to finding the eigenvector space, 

which implies that all training-data samples must be associated (manually) 

with a class already before finding the face eigenvectors. FLDA maximizes the 

between-class variance as well as minimizes the within-class variance. A 

graphic example of FLDA is shown in Figure 16. 
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Figure 16: An example of FLDA in two dimensions, showing the FLDA axis that 

maximizes the separation between the classes and minimizes the variation inside 

the classes. [36] 

 

Similar to the Eigen-face algorithm, the training images are first projected 

onto a subspace (called fisher vectors). Then, a test image is projected onto the 

same subspace for finding a similarity measure in the subspace. [37] 

  

However, the subspace is obtained differently as it is outlined in the 

following steps: 

  

1. Calculate within class variation. This is a measure of the amount of 

variation between samples of the same class. 

 

𝑆𝑤 =   ∑ ∑   (𝑋𝑖,𝑗 −  𝑋𝑖
− ) ( 𝑋𝑖,𝑗 −  𝑋𝑖

−)𝑇𝑛𝑖
𝑗=1

𝑐
𝑖=1   --->     (8)  [36] 

    

2. Calculate between class variations. 

 

𝑆𝐵 =  ∑ 𝑛𝑖
𝑐
𝑖=1   ( 𝑋𝑖

−  −  𝑋− ) (𝑋𝑖
− −  𝑋−)𝑇----->  (9) [36] 

 

3. Compute the so called generalized Eigen vectors and Eigen values of 

within class and between class variations. 

4. Sort the Eigen vectors by their associated Eigen values from high to low 

and keep the highest value Eigen vectors. The generalized obtained 

numerically by maximizing Eigen vectors are also called and are Fisher basis 

vector. 
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         ---- > (10)   

 

Here 𝑋𝑖,𝑗  is the jth sample in class i, 𝑋𝑖
− mean of class i, 𝑋−  mean of all 

samples, c is number of classes and 𝑛𝑖 is the number of samples in class i. The 

optimal projection that maximizes the between-class variance and minimizes 

the within-class variance is given by the direction of the eigenvector 

associated to the maximum eigenvalues. 

 

5. Calculate the dot product of images with the fisher basis vector. This 

calculation projects images onto a subspace. This and the following steps are 

similar to PCA. 

 

6. Once fisher faces are obtained query images are projected onto the 

subspace defined by them. They must be then thresholded and maximized as 

how close they are to one another. Computing the distance between fisher 

representations of two face images establishes their similarity. Images with 

the smallest distance between them can be considered close and similar, 

whereas images whose distance are farther apart would be considered 

dissimilar [36]. The distance or scalar products are two popular ways of 

computing similarity of two vectors. The first is small the second is large 

when two faces are similar. Furthermore, the two methods are 

mathematically equivalent if the vectors are normalized. 

 

FLDA in Face Recognition Problems 

 

1. It requires a large size of training samples for good generalization due 

to the singular problem of within-class scatter matrix appearing in the 

numerator (equation 10). But, if the image dimension is reduced, which 

can be done by using PCA before applying to FLDA for image 

recognition, then the singularity issue is mitigated. 

2. In many applications, such as driving license and passport 

identification, each person has only one training sample, the FLDA 

algorithm fails because the within-class scatter matrix is zero 
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3. FLDA takes long computational time due to large-sized covariance 

matrix.  

 

Difference between eigenface and fisher face? 

  

Both the Eigen-face and the Fisher-face algorithms work on the same 

principle of reducing the image dimension down to the most relevant or 

discriminating factors, were after further analysis of similarities can be 

performed.  

 

1. The Fisher-face algorithm discovers relationship between dependent and 

independent variables whereas Eigen-face algorithm discovers only 

independent variables. 

 

2. The Fisher face finds the direction that maximizes difference between 2 

classes whereas PCA maximizes the variance in the data.  

4.6.3 Local Binary Pattern Histogram (LBPH) 

Local binary pattern (LBP) is a texture-based algorithm. Texture is an 

important characteristic of images. It provides information about physical 

properties of objects like smoothness, roughness, or difference in surface 

reflectance such as color [38]. Continuing with the idea of encoding 

information in local neighborhoods, Ojala et al. [39] developed the LBP 

operator for encoding texture and shape description for digital images. The 

LBP operator processes an image as a composition of small patterns whose 

histogram reveals information about the distribution of edges and other local 

features. The term “operator” refers to a mapping function that can transform 

an image from one form to another. In 2004, Ahonen et al. [2] applied the LBP 

operator to face recognition by dividing an image into regions from which 

LBP features were extracted and concatenated into enhanced feature vectors. 

The term “feature extraction” refers to the process of transforming an image 

into a set of features capturing of the relevant properties of the original image 

and capable of summarizing them in a compact form. 

  

A histogram of an image 𝑓𝑖(x, y) can be defined as [2] 
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------> (11) [2] 

  

in which n is the number of different labels produced by the LBP operator 

and 

  

                                              ------> (12) [2] 

  

This histogram contains information about the distribution of the local 

micropatterns, such as edges, spots and flat areas, over the whole image. For 

efficient face representation, one should retain also spatial information. For 

this purpose, the 

image is divided into regions R0, R1, . . . Rm−1 and the spatially enhanced 

histogram is defined as 

  

                                                                                                                    -----> (13) [2] 

  

In this histogram, one captures a description of the face on three different 

levels of locality: the labels for the histogram contain information about the 

patterns on a pixel-level, the labels are summed over a small region to 

produce information on a regional level and the regional histograms are 

concatenated to build a global description of the face. 

Another parameter is the division of the images into regions R0, R1, . . . Rm−1 

The length of the feature vector becomes B = 𝑚𝐵𝑟, in which m is the number 

of regions and Br is the LBP histogram length. 

 

 LBP code words: 

 

LBP tests the relation between a pixel and its neighbors, encoding this relation 

into a binary word as shown in Figure 17. 
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Figure 17: LBP operator on center pixel as a threshold. 

  

For every pixel in the image, the relation between a center pixel and its 

neighborhood is encoded as an LBP code. These values represent the new and 

the transformed image. They will be used to compute the distribution of local 

LBP as histograms which in turn characterizes the global “texture” of the face 

image. Note that in a 3 x 3 neighborhood, there are 28= 256 different labels 

that can be used as a code and later as distinct bins in a histogram. Similarity 

of regions between images can be obtained by histogram comparison from the 

Chi-squared, the log- likelihood ratio, the histogram intersection [2,10]. 

 

Algorithm 

 

1. Divide the image into non-overlapping local binary map rectangular 

regions, e.g. 10 (2 x5) or 40 (3 x 3) or 16 (4 x 4) etc. Figure 18 shows how 

an image can be divided into 3 x 3 neighborhood regions. 

 

 
Figure 18: LBP for a 3 x 3 neighborhood region. 

 

2. For all the neighborhoods in the image, compute the LBP value based on a 

suitable threshold. Thresholds are usually set manually to obtain a good 
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performance, but they can also be set automatically by exploiting the local 

statistics as the mean and standard deviation for each neighborhood [21]. 

 

3. Compute histograms of LBP values for all the rectangular regions as shown in 

Figure19.  

 

 

Figure 19: LBP local binary map. 

 

4. Perform recognition of the test image using the nearest neighbor classifier 

where the similarity measure can be any of the following: histogram 

intersection, log-likelihood statistics, or Chi-squared [31], where chi square is 

computed by:  

 

𝑋2(𝑆, 𝑀) =  ∑
(𝑆𝐵−𝑀𝑏 )

2

(𝑆𝐵+ 𝑀𝑏)2
𝐵
𝑏=1     -------> (14) 

 

Figure 20 shows the face recognition by LBP method and Figure 21 shows the 

overview of face recognition procedure. 
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Figure 20: Illustration of the face recognition process. The face is detected, 

searched for features, aligned, encoded using the LBP operator and face is 

recognized 

 

Advantages of LBPH Over Eigen and Fisher faces: 

 

1] The simplicity of the method allows for very fast feature extraction. 

2] Helps Solving Maximum illumination problems 

3] Doesn’t need much time for training 

 

 Predict Function: For the obtained new image, we computed its LBP 

histogram and then compare that histogram with those of the 

database(faces). Then for the best matched histogram one returns the 

confidence value along with the Identification number. 

 

 Confidence Measure: The term confidence measure is actually the 

opposite meaning compared to the English dictionary- it means closest 

distance to the item in the database. So lesser the confidence measure 

greater would be the prediction. 
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Figure 21:  Overview of Face Recognition procedure. 
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Chapter 5  

5 IMPLEMENTATION 
 

This section briefly describes about how the above-mentioned methodologies 

were implemented in our robot system in practice. It gives a detailed idea on 

how the robot worked during different tasks like giving out the quiz papers, 

classroom detection, when students return the quiz papers and how the 

robot learns faces when it encounters a new person in its visual field. 

5.1 Question Papers 

The main motivation of our thesis is to have adapted quizzes such that 

quizzes can be tailored by professors to the individual knowledge of 

students. In order to create different set of question papers, one can imagine 

different machine-readable symbols, encoding both quiz identity and student 

identity. The professor is thus assumed to have a set of quizzes unique for 

every student, example by his experience and by sampling according to an 

algorithm from database of questions. Prior to our study such quizzes were 

available, but all students had to do same quiz. Figure 22 represents an 

answer sheet conformant to our work allowing each student to have a 

different quiz. It uses 8 spirals, the 4 spirals in the corner are code symbols 

for the quiz identity and the 4 spirals at the bottom are code symbols for 

student identity. Previously students wrote their names manually in boxes. 

But in our work, we allow professors to preprint identity details (excluding 

signature) painted in black to protect privacy. 

Further even professors do not resemble which paper belongs to which 

student, for this reason both quiz and student identification must be 

automated if individualization is implemented. These spirals when encoded 

have the details about students, their performance and even the type of quiz 

that was issued to them. 

 

For the RAQUEL database, these question papers are numbered and stored it 

in the SQL database. 
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Figure 22: Question Paper with unique spirals encoding both Quiz and Student 

Identities 

5.2 Area of Capture(AOC) in the environment 

In camera of RAQUEL system, we are using a resolution of 1280x800, since 

we are working in a classroom environment there can be a lot of students in 

the robot vision which it should recognize. To minimize multiple detection of 

faces, we developed an area of capture in the environment which is 100cm 

away from the robot, this is explained in Section 6.4. This helps RAQUEL to 

concentrate on a single person at a time. So even when there is a rush in front 

of the robot, it should not affect for detection and recognition. A design of 

AOC, works most effectively when a student is in this region as shown in the 

Figure 23. 
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Figure 23: Area of capture 

 

The initial image which is obtained from the head camera captures a large 

area. By considering this, we have fixed our AOC by letting AOC be a frontal 

face rectangle at N = 100 cm distance in the straight-line distance of RAQUEL 

frontal vision. With the optics of Baxter our AOC window becomes (c) {i.e. 

L=26 cm x B= 26cm} between X1 = 117 pixel units, X2 = 143 pixel units and 

between Y1 = 245 pixel units and Y2 = 270 pixel units. When (c) is inside this 

area we marked a footprint, so the students would stand on this when 

needed. 

 

By doing this we faced a problem of not detecting people sometimes, because 

there might be few cases where a person is standing slant or leaning on his 

one leg etc. Since our AOC had a very small range, this created a problem. 

This made us think of a new solution, we created a second AOC which was 

slightly bigger in size than the initial one corresponding to with L=B=30cm. 

So, if any person is encountered in this bigger range (second AOC) the 

RAQUEL would say “Please step on the marked spot and stand straight” 

using voice. 

5.3 Graphical User Interface (GUI) 

Assuming that the adaptive question papers are already printed with quiz 

number and personal identities, the next step is to give out these 

individualized quizzes to the students by addressing them with their names 

(since they are recognized by RAQUEL) and their quiz ID numbers. We 
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created a GUI in ROS which consisted of 9 buttons for the purpose to be 

used by the professor or professor ‘s assistant. 

   

To make the system easy to use we have developed a 9 buttoned GUI which 

consisted of all the tasks to be performed by the robot and these will be 

explained in detail have next. A typical state of the GUI is as show in the 

Figure 24. 

 

 

   Figure 24: GUI 

5.3.1 BUTTON 0: INTRODUCTION 

This button plays introduction to RAQUEL. It accepts questions labelled as 

command words representing and displaying the purpose (who) and 

functionality of RAQUEL (How).  

5.3.2 BUTTON 1:  QUIZ HANDLE 

This is the first task that expected to be done, where the RAQUEL should 

recognize the students face and address the student with name and his/her 

quiz number as shown in Figure 25. RAQUEL even points out with its hand 

to the quiz pile and asks students to take its quiz from it. 

 

The database in our system contained the images of faces which exhibit 

variation in facial expression i.e. smiling and not smiling, open or closed eyes. 
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All the images were taken against a normal light along with artificial light 

background with subject to some degree of facial rotation up to 20 degrees. 

The face ROI images are all grey scale with a resolution of 100 x 100 pixels. 

The system has faced a problem when recognizing two identical twins which 

is a great challenge even to humans. At, first we made use of height 

parameter because the two students varied by 2 centimeters although twins. 

This idea would work with a high probability, but it is not resilient to 

variations, e.g. natural presentation when one of the twins wears heeled 

shoes. The solution for twins will be discussed in future works. 

 

 
Figure 25: Face Recognition by RAQUEL 

 

Inner workings during the Student - RAQUEL interaction: 

 

When a student is imaged on its ROI and is detected, the professor or 

professor’s assistant  presses the button 1, then the robot recognizes the face 

and addresses out the student name, the robot even displays the face of the 

student as shown in Figure 26 and their quiz number, so this helps students 

to  know if there is a problem in understanding the robot accent. Here the 

detection algorithm is executed every 3 seconds, that means, the robot 

captures the image every 3 seconds in a loop. So, a new student in the ROI is 

currently detected after 3 seconds at the earliest. 
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Figure 26: Display 

5.3.3 BUTTON  2: Class Room Detection. 

Most educational institutions are concerned with student’s participation in 

courses since student participation in the classroom leads to effective learning 

and increases success rates. Also, a high participation rate in the classroom is 

a motivating factor for teachers and contributes to a suitable environment for 

more willing and informative teaching. There are two common ways to create 

attendance data. Some teachers prefer to call names and put marks for 

absence or presence. Other teachers prefer to pass around a paper signing 

sheet. After gathering the attendance data via either of these two methods, 

teachers manually enter the data into the existing system. However, those 

non-technological methods are not efficient ways since they are time 

consuming and prone to mistakes/fraud. So, in this project, we developed a 

technical method of marking attendance and storing it in a database. 

 

After the robot gives out the quiz papers, an additional or independent of it 

task for RAQUEL to do is class room occupancy or attendance detection. Here 

the robot would mark the attendance of the students by recognizing them as 

shown in Figure 27 and 28. This helps professors to know if the student has 

been sitting in the allocated row to help that quiz taking has been proceeding 

regularly. Since our algorithm uses frontal faces for recognizing, the robot 

will initially ask students to look at him by saying “Hey guys, please look up 
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and let me register your attendances”. Once the students look up RAQUEL 

captures the whole class and perform face recognition algorithm and finally 

saves it in the database in the form of an image file as image.jpg. 

 

 
Figure 27: Classroom detection and recognition 

 

 
Figure 28: Folder of students record 
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5.3.4 BUTTON 3: Quiz Return 

This task is performed when the students starts completing their quizzes. 

This task is similar to quiz handouts, in that the students should be imaged 

again in the ROI and when we click button 3 on GUI, face recognition 

algorithm is executed. The robot recognizes the face and displays their face 

as before, by saying “Thank you for attending the quiz, please keep your 

paper in pile X”.  

 

Order of the students: 

  

In order to make the quiz taking and quiz correction system more robust, we 

produce an excel table as shown in Figure 29, which shows in what order the 

students collected the quiz papers and handed them each with time stamps 

and their allocated, individualized quiz identity (a number). By doing this 

professor will know about verified identities of students, which would help 

them in automatically establish correspondence of quiz and a student even 

without machine codes printed on quizzes. This is a contingency action for 

early detection of failure for example in case automatic reading of spiral codes 

fails or papers come out of order.  

 

      

                 (a) Quiz handle                                                       (b) Quiz Return 

 

Figure 29: Excel Database for quiz handle and return (Names are encrypted for 

privacy) 
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5.3.5 BUTTON 4: Database Creation 

The ability of learning unknown faces is of importance for a humanoid robot 

interacting with humans. But how can it be determined whether the face is 

unknown? Here the certainty of classification is often used to determine 

whether a face is known or unknown. To classify an object as unknown, the 

classification certainty is often used in combination with a threshold called 

confidence measure. This threshold must be determined by experiments. It 

can be done by using the available training data. A threshold can be obtained 

by averaging the thresholds for all single classes (= face identities). 

 

In our case we set a condition as, if the threshold is greater than 30 (by 

averaging) then it belongs to an unknown face. Lower the threshold value 

higher is the confidence of recognizing the face and vice versa i.e. our 

decision score is a distance (rather than a scalar product). 

Likewise, when a known face is captured, this is compared with the training 

dataset and one obtains a certain confidence value, if this is less than 30 then 

it’s a known face and the robot would say the close matching person’s name. 

If the face is unknown i.e. greater than 30, then the robot will ask the person 

to type his/her name for the database to enter the student as a new student. 

Later, the robot uses the new face to update its internal representation of the 

students. Hence, in the future the robot will be able recognize the new 

students face. 

5.3.6 BUTTON 5: Sleep 

This button makes the RAQUEL to go to sleep when the robot is no longer to 

be used, so this can save the power consumptions. 

5.3.7 BUTTON 6: Initialize 

By hitting on this button, the robot goes back to its initial state where all his 

physical movements will return to their positions. This includes even the 

image displayed on the robot’s screen. 
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5.3.8 BUTTON 7 and 8: Enable and Disable 

This button enables or disables the arms to articulate. It is thus possible to 

make the arms become rigid from free movements if this turns out impractical 

for some reason. 
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Chapter 6 

6 EXPERIMENTAL RESULTS 

6.1 Face Detection 

  

Applying the face detector to all the images in the profiles in the first attempt 

gave us multiple detections i.e. even the neck area was considered to be face. 

Hence, for this we tuned a parameter called as Scale factor ranging from 1.05 

- 1.5 and obtained the best results at 1.3 scaling factor. After this we got zero 

false positives (errors) as shown in Figure 30. But the face box was either 

large or small compared to the original face size. Hence, we made use of 

more cascades to get accurate detections as described in Section 4.3. The 

images that were rejected are most likely of faces rotated too much from full 

frontal pose. Searching each image for a face takes approximately 0.029 

seconds. Real time is ~25 frames per second => 0.040 seconds or less.  

 

 
Figure 30: Face Detection after using scaling factor 

6.2 Facial Feature Extraction 

All three facial features were found in only 490 out of the 520 face images i.e. 

26 students x 20 images per students, hence by reducing the size of the 

gallery. Even though detection of features is decently fast, the feature 
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detector cannot handle partial occlusions such as glasses very well. The run 

time is around 0.1 seconds per face image, despite limiting the search areas 

for each feature. While three and even two features are enough to perform a 

global facial alignment as explained in Section 4.3.2, a detector that found 

more facial feature has potentials to increase robustness of the alignment 

step, as discussed in Section 4.3.3. Accordingly, face detection CPU time can 

be ignored in comparison to facial feature extraction which takes 0.1 seconds. 

6.3 Face Alignment 

The face model is defined for full frontal, with the mouth being centered 

between the eyes. For completely full-frontal images or images rotated 

around the camera's optical axis (z-axis), the alignment and cropped works 

very well, but performs worse for rotations around the vertical axis (y-axis). 

The rotations around the x-axis will not affect the results as much because the 

interocular distance will remain almost constant. The CPU run time for face 

alignment is calculated to be approximately 0.013 seconds per face. If more 

feature points were found, an alignment method that more effectively reduces 

distortions due to head rotations and facial expression, such as piecewise 

affine warping [41] could be used.   

6.4 Face Recognition 

I. Online Evaluation 

 

In this section, we compared the efficiency of different implemented 

algorithms like Eigenfaces, Fisher faces and LBPH by performing experiments 

on RAQUEL system for face recognition. In order to find out which algorithm 

gives us the best results for our system we carried out five experiments to 

evaluate their performance. It is necessary to vary some parameters in the 

proposed experiments (test scenarios) for learning and recognition process. 

 

The different proposed experiments are: 

1. Percentage of Identification. 

2.  Distance Between robot and test subject (area of capturing in the 

world). 
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3. Variations in Illumination. 

4. Computational time. 

5. Number of images per student (offline evaluation) 

 

To conduct the experiments, 5 students from Halmstad university were taken 

as our database. These students were taken only for testing purpose and were 

not included in our final database of 26 students. The experiments were 

performed and efficiency percentage in each case were analyzed. 

 

Case Study 1: Percentage of Identification 

 

Scenario  

 

 By leaving certain distance between the robot and human (test subject) 

we collected data and performed training. However, 20 different 

images were taken per student. 

 The 3 different recognition algorithms were performed as testing on 5 

students at the same distance as the one used during the training 

process.  

 Here only 4 students face are included in database and they have done 

10 trials for every algorithm check. i.e. 4*10 = 40 trials per algorithm. 

 One student face was not included in database, this is because to cross 

check how our system would give us results. Even in this case we did 

10 trials for all the 3 algorithms. 

  However, we will have to vary the parameters in the algorithm by 

doing trial and error method to get the best results of face recognition.  

 

TERMINOLOGIES  

 

We carried out percentage identification in the test environment based on the 

following parameters, where: Fd = Face in Database, Fn = Face not in 

Database, C = Correct classification, Un = Unknown classification, Er = Error 

(wrong classification). 

 

 (Fd, C): This occurs when the person’s information is in the database 

and the person identified corresponds to the one that is in the training 
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database. The identification label will be the name from the database 

which is a correct match. 

 

 (Fd, Un): This happens when the person’s information is in the 

database, and the system cannot identify the person. The identification 

label will be “unknown”, and thus the result is incorrect. 

 

 (Fd, Er): This occurs when the person’s information is in the database, 

and the system identifies the person with another face that is already 

included in the database. The identification label will be the wrong 

name. 

 

 (Fn, Un): This happens when the person’s information is not in the 

database, and the system cannot identify it. The identification label will 

be “unknown” and the result is correct. 

 

  (Fn, Er): This occurs when the person’s information is not in the 

database, and the system identifies the person with another face that is 

already included in the database. The identification label will be the 

wrong name and the result is incorrect. 

 

 
Table 1: Table of results for each algorithm of different parameters 

 

Analysis: By observing the results in Table 1, it can be concluded that more 

correct results are obtained with LBPH (95% accuracy for faces in database 

and only 1 error for faces not in database) when compared to Eigen and 

Fisher Faces. 
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Case Study 2: Distance between robot and person 

 

Scenario 

 

 This was performed at different distances from the robot i.e. 

50cm,100cm and 150cm as shown in Figure 31. 

 We conducted this experiment to identify the more accurate capturing 

range in the robot environment. This is the explanation for why we 

made use of specific area of capture in Section 5.2. 

 Here we experimented with 5 people. For every predefined distance 

i.e. 50,100 and 150 cm, we have taken 3 images per person. Hence, 3*3= 

9 images per person and in total we have used 5*9 = 45 images for the 

overall experiment. 

 

 
 

Figure 31: Distance Scenario 
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Table 2:  Comparing results with algorithms at different distances. 

 

Analysis:  

 

As we can see in the above Table 2, for Eigenfaces the best result was obtained 

at 100 cm and for Fisher faces it was both 50 and 100 cm but for LBPH it is 

good at all the 3 distances and best at 100cm. So, we considered 100 cm for 

further experiments. 

 

Case Study 3: Variation in Illuminations 

 

Scenario 

 In this experiment, the distance between the robot and the test subject 

is fixed to 100 cm as seen in the case study 2 results previously. 

 Here, the 3 different environmental lightning setups are Natural Light, 

Artificial light and Dim light. 

 We experimented with 5 people, for different lighting conditions, we 

have taken 3 images per person for every illumination scenario. Hence, 

3*3= 9 images per person and in total we have used 5*9 = 45 images for 

the overall experiment. 
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Table 3: Comparing Illumination’s with different algorithms. 

 

Analysis: When evaluating face recognition system based on (Fd, C) = correct, 

(Fd, Er) = Error, (Fd, Un) = Unknown, if the numbers obtained by (Fd, C)  is 

maximum and also when the numbers obtained from (Fd, Er) and (Fd, Un) is 

zero, then it concludes that the system is highly accurate. 

According to the results obtained in Table 3 we can conclude that our system 

works best with Artificial light (90%) and Natural light (80%) for all the 3 

algorithms on an average. 

 

Case Study 4: Computational Time 

 

Scenario 

 

 This experiment was computed on DELL personal computer which 

works on Ubuntu, a version of the installed LINUX OS. By using ROS, 

images were obtained from RAQUEL. 

 The computational time here is the total time required for an image to 

undergo stages like Face Detection, Feature Extraction, Face alignment 

and finally Face Recognition. 
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Figure 32: Computational time for 3 algorithms 

 

Analysis: From the above Figure 32 we can conclude that LBPH has less 

computational time i.e. 0.189 sec for face recognition when compared to 

others and Eigenface is the second best with 0.202 sec. 

 

Overall Conclusion of case Studies: According to the results obtained in all 

the 4 case studies above, we can say that LBPH outperformed the other 2 

algorithms by giving us the best results overall, so we made use of this 

algorithm for the demonstration purpose in the classroom. 

6.5 Demonstration in a Live Classroom environment 

Scenario 

 

We have demonstrated RAQUEL in the classroom in a real quiz situation for 

Image Analysis course. The classroom consisted of 26 students, we used Haar 

Cascade in combination with LBPH algorithm for face detection and 

recognition of each student. RAQUEL gave quizzes to students individually 

and by addressing them by name. Here in this scenario, the distance between 

the robot and the student was fixed to 100 cm, this will be referred to as the 
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“area of capture", or "capturing area" here. The room was lit up with artificial 

light along with the presence of natural light. The students came up to the 

capturing area one after the other to collect their quiz papers. Since this was 

demonstrated in a classroom environment, the recognition algorithm ran for 

every 3 sec. This time could vary because there can be some non-constant 

delay between students when they come and stand in the capturing area, then 

the robot should recognize the face, address them by calling out their names 

and the applicable quiz number, which are timewise not strictly constant. 

Further the student has to take their quiz paper on the desk and the same 

procedure repeats for every student. 

 

Analysis: The RAQUEL system recognized all the students well yielding 96% 

recognition accuracy. The 4% error was caused exclusively by two students 

who were (one-egg) twins. Considering that even humans have difficulties to 

recognize twins correctly, this is an acceptable result. 

 

6.5.1 Feedback from students 

 

Later, right after the quiz, when we asked the students to give us the 

feedback, they kindly offered the following(anonymous) comments. They 

wrote their responses on a piece of paper with no-names, with no identity 

information available to us, i.e. the responses were anonymous. 

  

1]  It worked great!! Just like I expected :] 

  

2] It was very good experience, Keep it up for the next year. 

  

3] Fun way to get quiz, cool machine 

  

4] Great work!! Perhaps a demonstration of how it worked may be of interest. 

  

5] A great job with the recognition and also no delay in recognition. 
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6.6 Subjective evaluation of the speech 

Speech synthesis quality is tricky at least for human names. As mentioned in 

the introduction, there are no dictionaries, and neither does exist references 

for good utterance of proper names. We had to do our own evaluation. First 

off, no students complained about bad pronunciation of their names. Second, 

we found that the utterances were not great especially for Indian´s and other 

non-European students (for example: student named as ´AA-b-eh-l-a-sh´ 

robot  pronounced as ´ AA-b-aa-y-l-a-sh´ ) but with some oversight and 

goodwill from students, it does not seem to be a critical problem to achieve 

the goal of the demonstrator. 

 

II. Offline Evaluation 

 

Case Study 5: Number of images per student 

 

To test our system performance, we implemented K-fold Cross Validation as 

shown in Figure 33. Cross Validation is a technique to evaluate the models by 

dividing the dataset into training set and testing set to train and evaluate the 

model respectively. The limitation with cross validation is that, some 

important features may be lost in testing set when randomly partitioned. 

Hence, we performed K-fold Cross validation. 

 

In K- fold cross validation the original dataset is divided into K-equal size sub 

samples. In this one of the sub sample set is randomly chosen as test set and 

N-1 sub sample set are used for training set alternatively [40]. 

 

We had a dataset of 26 students with 20 different images for each (26*20). We 

have divided our dataset into training and testing sets with a ratio of 80:20 

and performed 5-fold cross validation. In addition to algorithms that were 

tested live (online) we have also added CNN to test the face recognition for 

evaluation purposes. 
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Figure 33: K-fold Cross Validation 

 

Convolutional Neural Network: As CNN is booming in recent eras for face 

recognition, we were keen to examine how CNN would work for our 

RAQUEL system. Here we made use of Alexnet for feature extraction [10]. 

 

Representation of the planned test: 

 

 The algorithm used here for evaluating the test are Eigenfaces, Fisher 

faces, Local Binary Pattern Histogram and Convolutional Neural 

Network. 

 This was experimented with 26 students, as shown in Figure 34 where 

all the images were taken from the RAQUEL camera in same 

environment and lightning effects. In order to be surer about the 

accuracy of each algorithm, we conducted this evaluation for 3 times 

and the final results obtained are the average of 3 attempts.  

 This evaluation was further categorized into 3 tests. The difference 

between these tests are in the number of images per student used in 

the training set, i.e.   

 Test 1 = 5 images per student 

 Test 2 = 10 images per student 

 Test 3 = 20 images per student  
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Figure 34: Overview of tests performed by each algorithm for different number of 

images. 

 

 

 

Table 4: Comparing algorithms with different number of images per student. 
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Figure 35: Evaluation of algorithms in terms of percentage 

 

Analysis: As we can see in the Figure 35 and Table 4 above, for 5 images per 

student i.e. Test1 both LBPH and CNN gave similar accuracy of 92% but for 

10 images per student i.e. Test2, CNN outperformed the other 3 algorithms by 

giving 96% accuracy and the second-best algorithm was LBPH with 92%. In 

the third case for 20 images per person both LBPH and CNN gave us the best 

possible results of 96%. However, these algorithms failed with twins i.e. why 

their accuracy dropped by 4%. 

 

Pitfalls of using CNN in our approach 

 

 In the training of the original CNN network, millions of face pictures 

were used. We have used this network and so many pictures were not 

necessary in our study (transfer learning seems to be working for a 

small class). Nonetheless, a significant problem of CNN in face 

recognition is not having enough images per student for training. This 

can realistically happen because to take 10 or more images per student, 

preferably at different days, is difficult to achieve. This is because 

student cooperation is voluntary, and a course typically runs 7 weeks 

which may not be sufficiently long. 

 

 CNN has been reported to be sensitive to imbalanced data. It is realistic 

that some students may have more pictures than others. 
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Chapter 7 

7 DISCUSSION 
 

Face Recognition has a wide range of applications in biometrics, surveillance 

and identity authentication. This is one of the important key areas in the field 

of pattern recognition and Artificial Intelligence(AI). In our thesis, making use 

of Face recognition for identifying different students in a classroom plays a 

major role compared to other biometric techniques, this is because one of the 

important activity of a social robot is the implementation Human-Robot 

Interaction(HRI) [43]. A social robot must be able to make interactive 

exchanges in a very natural way. One of the main functionalities of HRI is 

face detection and recognition, because it offers a very friendly interface 

between humans and robots[46]. Since, in our work we have also 

implemented a technical method of registering attendance while the test is 

ongoing, for this we consider face recognition is one of the best biometric 

identification methods to be used. 

  

For a production system it would be desirable that the speech synthesis can 

be influenceable or adjustable, e.g. by students' utterance of own names. As 

this did not prove to be a major obstacle to our demonstrator, and that the 

speech of names were intelligible to students, we have not focused on this 

aspect in the thesis. 

7.1 RAQUEL as an Exam Invigilator 

The number of people in studies are increasing as a consequence of the 

general increase of the education level, as well as growing interest in 

continuous education in professional life, even after the end of formal studies. 

Consequently, irrespective of the continuous exam idea pursued in this thesis, 

a growth even in ordinary exams is observable.   

But traditional exams are associated with high manpower, even when 

numerous candidates are attending an exam, implying high manpower costs 

for human-invigilators. The project carried out was to develop a system 

which can be viewed as invigilator in an exam hall. RAQUEL can therefore 
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not only help minimize manpower costs but also can improve the quality of 

the service reducing human errors and time loss. The system can help with 

distributing exam questionnaires, verify student identities, note down 

absence or attendance including exam duration details at individual levels 

and transfer all details electronically. Only one person is required to control 

the robot if there can be any malfunctions. 

7.2 Limitation with Classroom detection 

This was the second task that we did after quiz handling for verifying quiz 

attendance and to know if the students were sitting in the allocated places. 

The problems faced here was, in order to perform classroom detection, we 

should have the class with properly arranged furniture’s, if the furniture like 

chairs and tables are randomly placed, even students would be seated in that 

manner then our algorithm would have difficulties in recognizing the 

students at a distance due to overlapping of faces in the region of interest. 

This can be seen as shown in the Figure 36. 

 

 
Figure 36: Rows and Columns for Classroom Detection 

 

When the classroom seats are arranged orderly then, we can divide it into 

different “rows” and even “columns” in which face searches and face 

recognition can be done easier than if student head appearances are close to 

each other. The flaw in this approach is, there is always a risk that the robot 
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has blind spots, for example: if the classroom is way bigger than robots vision 

or occlusion of a student by another. 

7.3 Movements of the robot 

Baxter is an industrial robot, so it has been designed for moving in such 

environments, not class-rooms with small passages barely sufficient for 

students to move around. We chose not to consider Baxter to move in the 

particular class room we had to hold our RAQUEL demonstrator in because 

it did not offer sufficient space to move around due to the fact that the 

classroom was full of desks, and chairs in addition to cables on the floor 

feeding projectors, and computers. Another reason was that the movement of 

the robot was not an essential part of demonstrating the feasibility of the 

project. 

 

In future one can make the robot move around in a classroom more than 

what we demonstrated, if the scope of its mission regarding student 

interaction is increased. This can be done by combining using larger class 

rooms and marking passages well for the sensing system used for robot 

navigation. Computer Vision using, for example spiral codes, could be an 

option for automatic navigation. 

7.4 Paper Based versus Screen Based Quizzes 

Paper Based Quizzes  

 

Advantages:  

 

1. They allow us to work out the practical problems such as a quiz 

contains errors and the professor makes note on the paper on the 

sidelines physically. 

2. It is easier to read since paper resolution is an order of magnitude 

higher than screens. 

3. Easier to monitor the quiz. 

4. Convenient for respondents who are old and who are not proficient in 

using mobile devices, or computers. 
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5. No need for “working devices”. It is not for sure that there is sufficient 

number of functioning devices at every quiz. 

 

Disadvantages: 

 

1. Less interaction possibilities with respondents e.g. playing a video 

sequence. 

2. Takes longer time to process data (such as storing, analyzing data) 

after collecting the answers and even errors can occur during 

correction. 

3. Trees are cut to generate the papers, not environment friendly, if used 

unwisely. Trees, grow and papers can be recycled, so when used 

wisely quiz papers do not make up a treat to environment. 

4. Sometimes few people get extra advantage in time (collecting the 

answer papers by the invigilator might delay). 

 

Screen Based Quizzes (Tablet, computer, phone etc) 

 

Advantages: 

 

1. We assume that professors are even in “screen” rooms. 

2. It is quicker to access quiz data for students simultaneously. Likewise, 

quiz data can be made inaccessible simultaneously when quiz ends. 

Thereby, timings for the quiz will be same to all students, to the effect 

that no one will get extra (advantage of time. 

3. Easier to design quizzes with more animations and color graphics 

(which may increase the attractiveness of quizzes) and with more 

functions to interact with respondent which may create excitement as 

well as increase professor's possibility of constructing quizzes. 

4. Easier to process data (such as storing, analyzing data) after collecting 

the answers. 

5. Easier to reach larger groups of respondents by spreading out the 

quizzes via internet connection. 
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Disadvantages: 

 

1. Not convenient for respondents who are old and not used to high tech 

devices. If they cannot login to a quiz screen sufficiently quickly, this 

may result in lower grades, which can be unjust to their actual 

knowledge. 

2. Not easily monitored if the environment is not a controlled setup. 

3. Power cuts and battery loss may result in loss of progress or create 

chaos. 

4. A Bot (back on topic) can be used to get through quizzes. 

5. Some people with eyesight problem may find it hard to sit long hours 

in front of the screen staring at it. So, screen quizzes cannot be used for 

4-5 hours ordinary exams. 

6. Large exams comprising thousands of people cannot be made on 

computer screens, due to limitations above. 

 

In summary we think that paper used in exams will stay for a foreseeable 

time in use in education systems around the world. 
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Chapter 8 

8 CONCLUSION 
 

Our work is to be seen in growing body of studies on robots in pedagogy context. 

We think that ours is a new step in the field, quiz assistants for paper-based quizzes. 

Our goal of this thesis has been to demonstrate that quiz administration during and 

after quizzes can be greatly automated, relieving professors from doing this task.  

 

RAQUEL is a new learning tool which has contributed in individualization, 

distribution and collection of the quizzes. Our system has not only been a quiz 

assistant but also helps in replacing traditional human invigilators by reducing 

manpower, salary costs and other resources. 

 

Our system can also be viewed as an exam invigilator since it can do works like 

verify the student identity by recognizing their face, distribute the question papers, 

note down the start and end time of the exam for an individual student and even 

registers attendance to know who has attended the exam.  When more humans are 

involved, there is increased room for making mistakes and thus having loss of time. 

The work carried out in this thesis, helps in securing and accessing quiz details, 

comprising final correction results, automatically rather than using labor, which is 

prone to mistakes. 

 

We worked with algorithms such as Viola and Jones for face detection and compared 

three different methods such as Eigenfaces, Fisher faces and LBPH for face 

recognition. The results of these were compared and we found LBPH worked more 

effectively by giving 96% recognition accuracy during demonstration by 

outperforming Eigen and Fisher faces. Later, when we performed evaluation with 

CNN along with other algorithms, we found that CNN worked similar to LBPH by 

giving equal results. 

 

By making use of these algorithms we performed various quiz and student identity 

related tasks by RAQUEL in a real classroom environment showing feasibility. 

Indeed, some students were excited to see robot recognizing them and distributing 

quiz papers in the class, so that the scenario was not perceived intrusive rather 

informative regarding new technologies. 
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Chapter 9  

9 FUTURE WORK 
 

As a continuation of this thesis work and as in any other research project, 

there are several opportunities to work on. The following is what we would 

suggest. 

 

 The main problem which students faced during demonstration was 

queuing system, they had to wait for their turns to collect quiz papers. 

Hence one could investigate more efficient and more student friendly 

imaging, that can avoid queues.  

 

 In future, people can even work with moving robots near a place 

where students are seated and give out quiz papers individually. In 

order to make movements in the classroom, one could make use of e.g. 

QR codes, spirals etc. at different locations and the robot can move 

accordingly by recognizing them. 

 

 As discussed before, during demonstration in class our system failed 

with identical twins, so one can work a way-out to find solution for 

this by using face recognition in combination with other biometric 

techniques such as Iris, Fingerprints or by voice. 

 

 Further, researchers can investigate if the RAQUEL can work with 

same efficiency for larger number of students i.e. 300+ students.
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