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palavras-
have Visão robóti
a, pro
essamento de imagem, 
âmaras digitais, 
âmaras omni-dire

ionais, 
alibração de 
âmaras digitais, 
alibração de 
oresresumo O re
urso a 
amâras digitais em apli
ações robóti
as tem vindo a 
res
ersigni�
ativamente nos últimos anos. As prin
ipais áreas de apli
ação des-tes rob�s são a indústria e as apli
ações militares, nos quais estas 
amârassão usadas 
omo sensor que permite ao rob� retirar a informação relevantedo ambiente envolvente, a qual lhe permite tomar de
isões. Para extrairinformação de uma imagem, 
omo a forma ou a 
or de obje
tos, é impor-tante que os parâmetros da 
âmara se en
ontrem bem 
alibrados. Estadissertação está inserida no proje
to CAMBADA (Cooperative AutonomousroBots w/ Advan
ed Distributed Ar
hite
ture), desenvolvido pelo Departa-mento de Ele
tróni
a, Tele
omuni
ações e Informáti
a da Universidade deAveiro e apresenta um 
onjunto de algoritmos para 
alibração dos prin
ipaisparâmetros de uma 
âmara digital, bem 
omo a 
alibração de 
ores de inte-resse asso
iadas a uma determinada apli
ação das 
âmaras. Esta dissertaçãopropõe dois algoritmos que permitem aos rob�s, de forma automáti
a, 
a-librar os parâmetros das 
âmaras do seu sistema de visão. Estes algoritmosbaseiam-se em informação extraída das imagens adquiridas pelas 
âmarase na utilização de 
ompensadores. São propostos ainda três métodos para
alibrar as 
ores, dois deles de forma manual mas intuitivos para o utilizador,e por último um algoritmo automáti
o baseado em dete
ção de 
ontornos e
res
imento de regiões.
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t In the past few years the use of digital 
ameras in roboti
 appli
ations hasbeen in
reasing signi�
antly. The main areas of appli
ation of this robotsare the industry and military appli
ations, where these 
ameras are used asa sensor that allows the robot to take the relevant information of the sur-rounding environment, allowing it to make de
isions. To extra
t informationfrom the a
quired image, su
h as shapes or 
olors, the 
amera 
alibrationpro
edure is very important. This thesis is inserted in the CAMBADA (Coop-erative Autonomous Mobile roBots w/ Advan
ed Distributed Ar
hite
ture)proje
t, developed by the Department of Ele
troni
s, Tele
ommuni
ationand Informati
s of the University of Aveiro, and presents several algorithmsto 
alibrate the most important parameters of a digital 
amera and the 
olorsof interest for a spe
i�
 appli
ation. This thesis proposes two algorithms thatallow the robots to 
alibrate autonomously the parameters of their 
amerasystems. These algorithms are based on the information extra
ted from thea
quired image and in the use of 
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olor 
alibration, two of them are manual but intuitive to the user, andthe last one an automati
 algorithm based on edge dete
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Chapter 1
Introdu
tion
In the past few years the use of digital 
ameras in roboti
 appli
ations has been in
reasingsigni�
antly. The main areas of appli
ation of this robots are the industry and militaryappli
ations, where these 
ameras are used as a sensor that allows the robot to take therelevant information of the surrounding environment, allowing it to make de
isions.To extra
t information from the a
quired image, su
h as shapes or 
olors, the 
amera 
ali-bration pro
edure is very important. If the 
amera is wrongly 
alibrated, the image detailsare lost and it is impossible to re
ognize anything based on shape or 
olor, as 
an be seen inFig. 1.1.

Figure 1.1: On the left, an example of an image a
quired by one of the CAMBADA teamrobots with its 
amera wrongly 
alibrated. On the right, an image 
orre
tly 
alibrated.The major appli
ations of 
ameras in roboti
s vision o

ur within 
ontrolled environments,whi
h means that the intensity and the type of light is always 
onstant. In this 
ase theparameters of the 
ameras only need to be adjusted on
e be
ause the environment luminan
ewill be almost 
onstant. 1



This thesis is inserted in the CAMBADA (Cooperative Autonomous Mobile roBots w/ Ad-van
ed Distributed Ar
hite
ture) proje
t, developed by the Department of Ele
troni
s, Tele
om-muni
ation and Informati
s of the University of Aveiro [1℄. CAMBADA is a team of so

errobots that parti
ipates in the Middle Size League (MSL) of ROBOCUP [2℄. It is a multidis
i-plinary proje
t, that involves knowledge of me
hani
s, arti�
ial intelligen
e, power ele
troni
s,instrumentation, 
omputer ar
hite
ture, tele
ommuni
ations, software engineer, arti�
ial vi-sion and 
ooperation, among others.CAMBADA robots have a hybrid vision system integrating an omnidire
tional and a per-spe
tive 
amera. The omnidire
tional part of the vision system [3℄ is based on a 
atadioptri

on�guration implemented with a �rewire 
amera (with a 1/3� CCD sensor and a 4.0mmfo
al distan
e lens) and a hyperboli
 mirror. The perspe
tive 
amera uses a low 
ost �rewire
amera (BCL 1.2 Unibrain 
amera with a 1/4� CCD sensor and a 3.6mm fo
al distan
e lens).The omnidire
tional 
amera works at 30 frames per se
ond (fps) in YUV4:2:2 mode with aresolution of 640 × 480 pixels. The front 
amera works at 30 fps in YUV4:1:1 mode with aresolution of 640 × 480 pixels.The omnidire
tional vision system is used to �nd the ball, to dete
t the presen
e of obsta
lesand white lines. In the 
ase of the MSL 
ompetition of RoboCup, most of the teams adopt thisapproa
h for the vision system of the robots. The perspe
tive vision is used to �nd the balland obsta
les in front of the robot at larger distan
es, whi
h are di�
ult to dete
t using theomnidire
tional vision system, due to its very limited spa
ial resolution at distan
es greaterthan 5 to 6 meters.A set of algorithms has been developed to extra
t the 
olor information of the a
quired imagesand, in a se
ond phase, extra
t the information of all obje
ts of interest. The vision systemar
hite
ture uses a distributed paradigm where the main tasks, namely, image a
quisition,
olor extra
tion, obje
t dete
tion and image visualization, are separated in several pro
esses.E�
ient 
olor extra
tion algorithms have been developed based on lookup tables and a radialmodel for obje
t dete
tion. The vision system is fast and a

urate having a 
onstant pro
essingtime independent from the environment around the robot [4℄.1.1 The RoboCup MSL 
aseThe ultimate goal of the RoboCup proje
t is, by 2050, develop a team of fully autonomoushumanoid robots that 
an win against the human world 
hampion team in so

er [2℄. It meansin a near future, the robots will have to play under natural light 
onditions and in outdoor�elds. This introdu
es many obsta
les to the robots be
ause they must be able to play either2



Figure 1.2: One of the robots used by the CAMBADA MSL roboti
 so

er team and its visionsystem.under 
ontrolled lighting 
onditions, as is the 
ase of arti�
ial illumination, as well in non-
ontrolled lighting 
onditions, su
h as in outdoor �elds. In outdoor �elds the illumination
an 
hange slowly during the day, due to the movement of the sun, as well as fast in shortperiods of time due to a partial and temporally 
overing of the sun by 
louds. It means thatthe robots, have to adjust the 
olors, in real time, its 
olor segmentation values as well as its
amera parameters to adapt to new lighting 
onditions [5℄.Image analysis in the RoboCup domain is simpli�ed, sin
e obje
ts are 
olor 
oded. Bla
krobots play with an orange ball on a green �eld that has white lines. Thus, the 
olor of a pixelis a strong hint for obje
t dete
tion. This fa
t 
an be exploited by de�ning 
olor 
lasses, usinga look-up table (LUT) for fast 
olor 
lassi�
ation. The table 
onsists of 16 777 216 entries (oneof ea
h 224 possible 
olor 
ombinations - 8 bits for red, 8 bits for green and 8 bits for blue).Ea
h entry is 8 bits wide, whi
h means that the LUT o

upies 16 MBytes in total. If another
olor spa
e is used, the table size is the same, 
hanging only the �meaning� of ea
h 
omponent.Ea
h bit expresses whether the 
olor is within the 
orresponding 
lass or not. This meansthat a 
ertain 
olor 
an be assigned to several 
lasses at the same time. To 
lassify a pixel,we �rst read the pixel's 
olor and then use the 
olor as an index into the table.The 
olor 
alibration is performed in HSV (Hue, Saturation and Value) 
olor spa
e due to itsspe
ial 
hara
teristi
s. In the 
urrent setup, the image is a
quired in RGB or YUV formatand then is 
onverted to an image of labels using the appropriate LUT [4℄.As far as we 
an understand from the published work made by the other teams of RoboCupMSL, most of them don't have any software to auto
alibrate the 
amera, whi
h means their
ameras are only adjusted manually at the beginning of ea
h game. Some of the teams,3



however, 
laim to have an automati
 pro
ess for 
olor 
alibration running o�ine over a pre-a
quired video.In the team des
ription papers of Brainstormers Tribots [6℄, NuBot [7℄, Te
h United [8℄and Robofoot ÉPM [9℄, some auto
alibration algorithms are mentioned, although they don'tpresent any details about them.1.2 Thesis 
ontributionsUntil the beginning of this work, the CAMBADA team didn't have an automati
 appli
ation to
alibrate the vision system. The 
amera parameters were adjusted manually and this pro
essusually took mu
h time and required an expert person. The 
olor 
alibration was made bya
quiring a video and, in o�ine mode, the video was pro
essed and the 
olor range for ea
h
olor was adjusted.This thesis proposes two algorithms for 
amera parameters 
alibration, both automati
allyperformed by the robots. The �rst one obtains satisfa
tory results, but presents some 
ontrolproblems along the time. Moreover, it doesn't use any measure of quality to ensure the 
orre
t
alibration and it doesn't evaluate the whole image.The se
ond proposed algorithm attains better results and has solved the problems referred toin the �rst algorithm. It's based on a PI 
ontroller, responsible for the 
amera parametersupdate, and uses a set of measures, namely ACM, Average, Entropy and MSV to evaluate thequality of the a
quired images. This improves the obtained results and guarantees that theimages have nearly the same 
hara
teristi
s. Experimental results obtained by this algorithmshow that the quality measures of the image a
quired always 
onverge to the same values.Moreover, it is possible to apply this algorithm in run-time in order to guarantee that, evenwhile varying the illumination of the environment, the relevant 
olors of the image will remainthe same.A method to 
alibrate 
olors using a HSV histogram is also proposed. It allows to visualizeeasily what is the 
olor range of a 
ertain 
olor 
lass and if a pixel is in or out of the sele
ted
olor range. This method uses the histogram of the three 
omponents, hue, saturation andvalue to sele
t the desired 
olor range for ea
h 
olor 
lass.Finally an automati
 method to 
alibrate the 
olor 
lasses using a 
anny edge dete
tor isalso proposed. For ea
h region obtained after applying the edge dete
tor, a region growingalgorithm is applied in order to obtain the 
olor range of that region. Ea
h 
olor 
lass has avalue of hue, saturation and value that is used as seed for the region growing algorithm.4



Chapter 2
Digital Cameras
A digital 
amera is a devi
e that 
aptures video or photographs digitally by re
ording theimages 
aptured by a light sensitive sensor. It is formed basi
ally by a lens, a 
olor sensor,software for image treatment and hardware 
apable of pro
ess and transmit the 
apturedimages, usually designated by frames [10, 11℄.2.1 CCD sensorMost of the 
olors of the visible spe
trum 
ould be reprodu
ed by adding distin
t parts of red,green and blue light. This property is used by most of CCD sensors to 
apture 
olor images. It
onsists in a square grid of 
apa
itors, whi
h are 
harged by a photosensitive element 
overedby a �lter that only allows one 
omponent of light (red, green and blue) to rea
h the sensor(see Fig. 2.1). The image is formed measuring the 
harge of ea
h 
apa
itor by a 
ontrol 
ir
uit.For ea
h pixel, the CCD doesn't a
quire the information of the three 
omponents. Instead, aBayer pattern is used. It is a repeating 2 × 2 mosai
 pattern of light �lters, with green onesat opposite 
orners and red and blue in the other two positions. The predominan
e of greentakes advantage of properties of the human visual system, whi
h determines brightness mostlyfrom green information and is far more sensitive to brightness than to hue or saturation.2.2 Camera parametersFor any parti
ular appli
ation the quality of an image a
quired by a 
amera is dependentof many fa
tors, su
h as illumination, 
amera lens and, the most important, the 
amera5



Figure 2.1: The Bayer arrangement of 
olor �lters on the pixel array of an image sensor [12℄.parameters. In the following se
tions it will be explained the 
ommon parameters of a 
ameraand their e�e
ts in the image.
2.2.1 White-balan
eThis parameter is one of the most important 
on�gurable parameters of the 
amera. The image
olors appear di�erent depending on the illumination under whi
h the image was taken. Thisis due to the fa
t that di�erent light sour
es have di�erent 
olor temperatures. The adjustmentof this parameter should be performed in order to make a white sour
e to appear white on theimage under di�erent light 
onditions. Usually, when this parameter hasn't been adjusted,the images have a red or blue tonality, as presented in Fig. 2.2. The 
ompensation of thise�e
t 
an either be automati
ally performed by the 
amera, or 
an be made manually. Theadjustment is performer by 
orre
ting the red and blue 
hannels gain.6



Figure 2.2: Examples of images a
quired in a roboti
 so

er �eld using di�erent values forthe white-balan
e. On the left, an image a
quired with a high value of the blue gain. In the
enter, an image with the white-balan
e 
orre
tly 
alibrated. On the right, an image a
quiredwith a high value of the red gain.2.2.2 BrightnessThis parameter adjusts the bla
k level of an image, whi
h means that an o�set is added orsubtra
ted for ea
h pixel. This parameter, in the limit, 
ould lead to images brighter or darker(see Fig. 2.3). Usually, this parameter must be set manually.
Figure 2.3: Examples of images a
quired in the roboti
 so

er �eld with di�erent values ofbrightness. On the left, an image a
quired with a low value of brightness. In the 
enter, animage 
orre
tly a
quired. On the right, an image a
quired with a high value of brightness.
2.2.3 ContrastThis parameter is responsible to turn the bright 
olors more bright and the dark 
olors moredark. In a high 
ontrast image, edges 
an be seen more 
learly and the di�erent elements ofan image are a

ented. In a low 
ontrast image, the brightness of di�erent elements is nearlythe same and it's hard to make out detail (see Fig. 2.4).7



Figure 2.4: Examples of images a
quired in the roboti
 so

er �eld with di�erent values of
ontrast. On the left, an image a
quired with a low 
ontrast. In the 
enter, an image 
orre
tlya
quired. On the right, an image a
quired with a high 
ontrast.2.2.4 GainThis parameter is usually implemented by hardware. When the 
harge of ea
h CCD 
apa
itoris measured, its value is ampli�ed by hardware, by a �gain� fa
tor before the quantization step.In
reasing this fa
tor makes the image brighter and in
reases the 
ontrast but adds noise tothe image, due to the fa
t that the original noise of the image is also ampli�ed. Usually, thisparameter 
an be set to the automati
 mode, whi
h means that the 
amera automati
ally
ontrol the value of the gain by an algorithm that evaluates the brightness of the last frame(see Fig. 2.5).
Figure 2.5: Examples of images a
quired in the roboti
 so

er �eld with di�erent values ofgain. On the left, an image a
quired with a low value of gain. In the 
enter, an image 
orre
tlya
quired. On the right, an image a
quired with a high value of gain.2.2.5 ExposureExposure is the total amount of light allowed to fall on the image, whi
h means that it isrelated with the time that the CCD sensor is exposed to the light in ea
h frame. A high valueof exposure will lead to images more bright, whi
h is the same e�e
t of the gain but withoutadding noise. This time is limited by the frame rate. For example, if the 
amera is a
quiring8



images at 15 frames per se
ond, the CCD sensor 
ould only be exposed 1/15 se
onds (seeFig. 2.6).
Figure 2.6: Examples of images a
quired in the roboti
 so

er �eld with di�erent values ofexposure. On the left, an image a
quired with a low value of exposure. In the 
enter, animage 
orre
tly a
quired. On the right, an image a
quired with a high value of exposure.2.2.6 ShutterThe shutter speed determines the amount of time that the shutter of a 
amera is opened andis therefore similar to the exposure parameter. The adjustment of this parameter allows to
ontrol the movement of an obje
t in a s
ene. A low shutter will freeze the obje
t and a highshutter will make it looks blurred as the obje
t moves (see Fig. 2.6).2.2.7 GammaThis parameter 
an be implemented by hardware or software in the 
amera. It is usually usedto for
e an image to have the same visual aspe
t on di�erent monitors. For ea
h pixel, theoperation Pc = Po

1

gamma is performed, where Pc and Po are the 
orre
ted and the originalpixel values respe
tively. The e�e
t of this parameter is to turn darker or brighter the darkpixels related to the bright pixels. The adjustment of this parameter is usually set manually(see Fig. 2.7).2.2.8 SaturationThe saturation of a 
olor refers to how vibrant a 
olor is. A low saturated 
olor is near to gray,leading to an image where the 
olors look �washed out�. On the opposite, a high saturated
olor be
omes 
lear, resulting in image where the 
olors are very intense (see Fig. 2.8).9



Figure 2.7: Examples of images a
quired in the roboti
 so

er �eld with di�erent values ofgamma. On the left, an image a
quired with a low value of gamma. On the right, an imagea
quired with a higher value of gamma.
Figure 2.8: Examples of images a
quired in the roboti
 so

er �eld with di�erent values ofsaturation. On the left, an image a
quired with a low value of saturation. In the 
enter, animage 
orre
tly a
quired. On the right, an image a
quired with a high value of saturation.2.2.9 HueThis parameter allows to introdu
e an o�set in the 
olors spe
trum. Usually, the 
ameradoesn't use this parameter by default and doesn't have an automati
 mode (see Fig. 2.9).
Figure 2.9: Examples of images a
quired in the roboti
 so

er �eld with di�erent values ofhue On the left, an image a
quired with a low value of hue. In the 
enter, an image 
orre
tlya
quired. On the right, an image a
quired with a high value of hue.10



2.3 Color spa
esA 
olor spa
e is a mathemati
al model to digitally represent the 
olors. There exist many
olor spa
es. Ea
h one has di�erent 
hara
teristi
s and is suitable for di�erent appli
ations.Some of them use the three primary 
olors (red, green and blue) while others use di�erent
on
epts, su
h as the 
ase of hue, saturation and value, related to the human visual system,or luminan
e and two 
hromati
 
omponents, su
h as the one used for television [13, 14℄.2.3.1 RGBThe name RGB 
omes from Red, Green and Blue initials, that are the three emissive primary
olors. This 
olor spa
e uses the additive properties of the 
olors allowing to obtain almost allpossible 
olors of the visible spe
trum. This 
olor spa
e is used mainly on 
omputer graphi
s,as well in TV and video. This 
olor spa
e isn't intuitive to human per
eption, but have theadvantage to be very simple to implement and 
ompute. The RGB 
ould be visualized asa 
ube with three axis, ea
h one 
orresponding to red, green and blue (see Fig. 2.10). Thebottom 
orner, when red = green = blue = 0 is bla
k, while on the opposite 
orner, where
red = green = blue = 255 (for a 8 bit per 
hannel display system) is white. In the diagonalve
tor from bla
k to white, are represented the gray levels, 
hara
terized by having the sameamount of ea
h primary 
olor.

Figure 2.10: The RGB 
olor spa
e representation [15, 13℄.2.3.2 YUVThe YUV 
olor spa
e separates the information of a 
olor into its luminan
e (Y) and two
hromati
 
omponents, namely U and V (see Fig. 2.11). It is used by the Phase Alternation11



Line (PAL), National Television System Committee (NTSC), and Sequential Couleur Ave
Mémoire (SECAM) 
omposite 
olor video standards. The biggest advantage of this 
olorspa
e relatively to the RGB is that the human visual per
eption (in terms of both intensityand spa
ial resolution) of the Y 
omponent is greater than the per
eption of the U and V 
om-ponents. Due to this knowledge, the U and V 
omponents usually are sub-sampled (Fig. 2.12)and the image requires a smaller bandwidth to be transmitted an it is more e�
iently stored.This pro
ess introdu
es some loss of quality in the re
onstru
ted image but it is assumedthat the human eye 
an't distinguish the di�eren
es. This is used as a �rst step for image
ompression.

Figure 2.11: The U-V 
olor plane 
onsidering Y=127 [16℄.To 
onvert RGB to YUV the following equations are used [13℄:
Y = (0.257 ∗ R) + (0.504 ∗ G) + (0.098 ∗ B) + 16

V = (0.439 ∗ R) − (0.368 ∗ G) − (0.071 ∗ B) + 128

U = −(0.148 ∗ R) − (0.291 ∗ G) + (0.439 ∗ B) + 128To 
onvert YUV to RGB the following equations are used [13℄:
R = 1.164(Y − 16) + 1.596(V − 128)

G = 1.164(Y − 16) − 0.813(V − 128) − 0.391(U − 128)

B = 1.164(Y − 16) + 2.018(U − 128)Sub-sampling s
hemesBe
ause the human eye is less sensitive to the 
hrominan
e than the luminan
e, bandwidth
ould be optimized by storing more information about the luminan
e than about 
hromi-nan
e. In following, the various sub-sampling s
hemes will be explained. The modes YUV444,12



YUV422 and YUV411 are a
quired by digital 
ameras using a pa
ket representation. Themode YUV420 is a
quired using a planar representation, i. e. the 
amera returns ea
h image
omponent (the full image) at a time.YUV444: ea
h 
omponent has the same resolution without loss of information. The infor-mation a
quired by the 
amera has the following mapping:
Y0U0V0Y1U1V1Y2U2V2Y3U3V3Ea
h pixel will be mapped a

ording to the following:

[Y0U0V0] [Y1U1V1] [Y2U2V2] [Y3U3V3]YUV422: the U and V 
omponents are spatially sampled half times relatively to the Y
omponent, whi
h means that the horizontal resolution is an half than the YUV444.The information a
quired by the 
amera has the following mapping:
U0Y0V1Y1U2Y2V3Y3Ea
h pixel will be mapped a

ording to the following:

[Y0U0V1] [Y1U0V1] [Y2U2V3] [Y3U2V3]YUV411: the horizontal resolution of U and V 
omponents is divided by four. The video inthis format uses 6 bytes to store ea
h ma
ropixel (one re
tangle with 1 × 4 pixels).
U0Y0Y1V2Y2Y3Ea
h pixel will be mapped a

ording to the following:

[Y0U0V2] [Y1U0V2] [Y2U0V2] [Y3U0V2]YUV420: the horizontal and the verti
al resolution of U and V 
omponents are divided bytwo. The video in this format uses 6 pixels to store ea
h ma
ropixel (one square with
2 × 2 pixels).In Fig. 2.12, it is presented a graphi
al representation of the several YUV sub-sampling s
hemesdes
ribed above. 13



Figure 2.12: Representation of the di�erent sub-sampling s
hemes of the YUV 
olor spa
e[17℄.2.3.3 HSVThe 
olor re
eptors in the human eye, known as 
ones, from di�erent areas of the spe
trum,with the greatest sensitivity in the blue, green and red part of it. The 
olor information signalsa
quired by the 
ones are then further pro
essed in the visual system. Nevertheless, a person
annot make intuitive estimates of the blue, green and red 
omponents of any parti
ular 
olor.On the other hand, in the per
eption pro
ess, a human 
an easily re
ognize basi
 attributesof 
olor su
h as intensity (brightness, lightness) I, saturation S and hue H. The hue representsthe impression related to the dominant wavelength of the 
olor stimulus. The saturation
orresponds to relative 
olor purity. Colors with zero saturation are gray levels. Maximumintensity is sensed as pure white, minimum intensity as pure bla
k. The H, S, I 
omponents ofthe HSI 
olor model are 
al
ulated from formula expressing approximately the psy
hophysi
alsense of these notions from the RGB 
oordinate system to a 
ylindri
al model of per
eptions(see Fig. 2.13a)) [18℄.Two other derivations of the generi
 HSI 
olor spa
e are applied usually in 
omputer graphi
sand image pro
essing: HSV and HLS. Figures 2.13b) and 2.13
) illustrate the geometri
interpretation of these models. They di�er of the original HSI model in the expression of theintensity and saturation values. For the HSV model the 
olors be
ome less saturated whenthe intensity approa
hes minimal level. In HLS the 
olors be
ome less saturated when theintensity approa
hes minimal or maximal levels. Important advantages of the HSI, HSV andHLS models over other 
olor spa
es are good 
ompatibility with the human intuition of 
olor.They are intuitive 
olor spa
es and allow an easy separation between 
hromati
 values anda
hromati
 values.For image pro
essing, a 
olor system based on the human per
eption of 
olor (HSI, HLS orHSV) may be more bene�
ial namely when human intera
tion is ne
essary. On the other hand14



a) b) 
)Figure 2.13: Graphi
al representation of a) HSI, b) HSV and 
) HLS 
olor spa
es [18℄.if the image sour
e is a
quired using a YUV sampling s
heme with lower resolution for the
hromati
 signals these models also allow an easy preservation of the luminan
e 
omponentin the form of the I,V or L signals. Due to this fa
t, in the �eld of roboti
 appli
ations, HSVis the 
olor spa
e most used for 
olor 
lassi�
ation whi
h simpli�es and makes more a

uratethe sele
tion of 
olor ranges for ea
h 
olor of interest [14℄. This 
olor spa
e is represented inFig. 2.14. .

Figure 2.14: Coni
al representation of the HSV 
olor spa
e [19℄.In this work it is used the HSV 
olor spa
e. To 
onvert RGB to HSV it used the followingequations:
hǫ[0, 359]

sǫ[0, 1]

vǫ[0, 1] 15



max = max(r, g, b)

min = min(r, g, b)

h =






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

























0 , if max=min
60◦ × g−b

max−min
+ 0◦ , if max=r and g ≥ b

60◦ × g−b
max−min

+ 360◦ , if max=r and g < b
60◦ × g−b

max−min
+ 120◦ , if max=g

60◦ × g−b
max−min

+ 240◦ , if max=b
s =

{

0 , if max=0
max−min

min
, otherwise

v = maxTo 
onvert HSV to RGB it used the following equations:
hi = ⌊ h

60
⌋mod 6

f = h
60

− ⌊ h
60
⌋

p = v × (1 − s)

q = v × (1 − f × s

t = v × (1 − (1 − f) × s)Compute 
olor ve
tor (r, g, b)
(r, g, b) =






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
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(v, t, p) , if hi = 0

(q, v, p) , if hi = 1

(p, v, t) , if hi = 2

(p, q, v) , if hi = 3

(t, p, v) , if hi = 4

(v, p, q) , if hi = 5
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Chapter 3
Auto
alibration of 
amera parameters
The 
alibration of the 
amera is 
ru
ial for 
olor-based obje
t dete
tion and has to be per-formed when environmental 
onditions 
hange, for example when using di�erent so

er �eldsor when lighting 
onditions 
hanges.Using the 
amera in auto mode has several problems and 
annot be used is some roboti
appli
ations. In the 
ase of the CAMBADA robots and due to the fa
t that the environmentaround these robots has spe
i�
 
hara
teristi
s, su
h as the green �eld and the bla
k body ofthe robots that �lls the most part of the image (see Fig. 3.1), the auto mode of the 
amerasdo not perform well.

Figure 3.1: An example of a mask used to sele
t the pixels to be pro
essed by the omnidire
-tional vision system. White points represents the area that will be pro
essed.The image a
quired by the 
amera in auto mode is overexposed due to the large bla
k areasexisting in the image and the white-balan
e is not 
orre
tly 
alibrated, leading to erroneous
olors in the image. This is due to the fa
t that most of 
ameras use algorithms that assumethat the pixels of an image are distributed along the visible 
olor spe
trum.17



Until the beginning of this work, the 
amera 
alibration was performed manually by a spe
ial-ized person. This 
alibration pro
ess usually took about 10 minutes for the full 
on�gurationof ea
h robot's vision system. So an algorithm that 
alibrates automati
ally the 
amera isa great help to optimize the pro
ess. In the following it will be explained the developedalgorithms and dis
ussed the experiments results obtained.

Figure 3.2: An example of an image a
quired by the 
amera of one robot of the CAMBADAteam.3.1 Camera 
alibration algorithmThe �rst developed algorithm doesn't analyze the entire image but uses a sele
tion of twoareas with spe
i�
 
hara
teristi
s, namely a bla
k and a white areas. It only adjusts thewhite-balan
e, the gain and brightness parameters. It is assumed that, when the 
amera is
alibrated, the sele
ted areas have the following 
hara
teristi
s:
• the white area should be white:� in the YUV 
olor spa
e this means that the average value of U and V should be127. If the white-balan
e is not 
orre
tly 
on�gured, these values are di�erent from127 and the image does not have the 
orre
t 
olors;� in the RGB 
olor spa
e the average value should equal for the three 
omponents andnear (255, 255, 255). If not, the entire image is either too dark and gain parameterneeds to be adjusted, or there is a predominan
e of one of the primary 
olors andthe white-balan
e needs to be adjusted;
• the bla
k area should be bla
k � in the RGB 
olor spa
e this means that the averagevalues of R, G and B should be 
lose to zero. If the brightness is too high we observethat the bla
k area be
omes blue, resulting in a degradation of the image.18



Figure 3.3: Diagram of the auto
alibration algorithm.The algorithm performs as follows:1. A new frame is a
quired by the 
amera.2. For the sele
ted bla
k and white areas, it is 
al
ulated the maximum, minimum and theaverage values of Y, U and V in the YUV 
olor spa
e and R, G and B in the RGB 
olorspa
e.3. The adjustment of white-balan
e is made based on the average value of white area inthe YUV 
olor spa
e. If the U value is smaller than 127 the blue gain of white-balan
e isin
remented, else if it is greater than 127 the blue gain is de
remented. The same is madefor red gain of white-balan
e, but using as referen
e the mean value of V 
omponent ofthe white area.4. The adjustment of the gain parameter of the 
amera is based by the maximum andminimum values of the R, G and B values in the white area. If any of the maximumvalues is equal to 255 the gain will be de
remented. On the other 
ase, if any of theminimum values is smaller than 200 the gain is in
remented.5. The adjustment of brightness is performed using the bla
k area and it is adjusted inorder to guaranty that the blue value in the RGB 
olor spa
e is smaller than 5 and, atthe same time, guaranty that any of the mean values of R, G and B never is greaterthan or equal to 2.The 
hanges in the parameters, as des
ribed above, are made using some prede�ned 
onstantsobtained experimentally. This is a possible drawba
k of the algorithm.The experimental results shows that this algorithm presents a satisfa
tory performan
e. How-ever it also shows some problems, namely it takes some time to 
onverge and only partialevaluation of the image to obtain useful information. Moreover, it depends on the initialparameters set to the 
amera. Some results obtained with this algorithm are presented inFig. 3.4. 19
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Figure 3.4: Experimental results using the automated 
alibration pro
edure des
ribed in thisse
tion. On the left, results obtained starting with all the parameters of the 
amera set tozero. On the right, results obtained with all the parameters set to the maximum value. Onthe top, the initial image a
quired. In the middle, the image obtained after applying theautomated 
alibration pro
edure. The last row 
ontains graphi
s showing the evolution of theparameters along the time.
20



3.2 Auto
alibration of 
amera parameters using PI 
ontrollersThis se
tion presents an evolution of the algorithm des
ribed in the previous se
tion. It alsouses two referen
e areas in the image, namely a white area to 
alibrate the white-balan
e anda bla
k area to 
alibrate the brightness. However, the histogram of the intensities of the imageis used to 
alibrate the exposure and the gain of the 
amera.An histogram of the intensities of an image is a graphi
al representation of the intensity pixelvalue shown as bars 
orresponding to the 
ount of the o

urren
es of all possible values in theimage. For an image represented using 8 bits per pixel, the possible values are between 0 and255. Image histograms 
an indi
ate the nature of the light 
onditions, the exposure of theimage and whether it is underexposed or overexposed.The assumptions used by the proposed algorithm are:
• the white area should be white � in the YUV 
olor spa
e this means that the averagevalue of U and V should be 127. If the white-balan
e is not 
orre
tly 
on�gured, thesevalues are di�erent from 127 and the image does not have the 
orre
t 
olors;
• the bla
k area should be bla
k � in the RGB 
olor spa
e, this means that the averagevalues of R, G and B should be 
lose to zero. If the brightness is too high, it is observedthat the bla
k region be
omes blue, resulting in a degradation of the image;
• the histogram of intensities should be 
entered around 127 and should span all intensityvalues. Dividing the histogram into regions, the left regions represent dark 
olors, whilethe right regions represent light 
olors. An underexposed image will be leaning to theleft, while an overexposed image will be leaning to the right in the histogram.Statisti
al measures 
an be extra
ted from digital images to quantify the image quality [20, 21℄.A number of typi
al measures used in the literature 
an be 
omputed from the image graylevel histogram, namely:
• Mean:

µ =

N−1
∑

i=0

iP (i); (3.1)
• Entropy:

E = −
N−1
∑

i=0

P (i)log(P (i)); (3.2)21



• Absolute Central Moment (ACM):
ACM =

N−1
∑

i=0

|i − µ|P (i); (3.3)
• Mean Sample Value (MSV):

MSV =

∑

4

j=0
(j + 1)xj

∑

4

j=0
xj

; (3.4)where N is the number of possible gray values in the histogram (typi
ally, 256), P (i) is theprobability of ea
h gray value, x(j) is the sum of the gray values in region j of the histogram(in the proposed approa
h we divided the histogram into �ve regions). The image is 
orre
twhen µ ≈ 127, E ≈ 8, ACM ≈ 50 and MSV ≈ 2.5. These measures allow to analyze theperforman
e of the automated 
alibration algorithm. Moreover, the information of MSV willalso be used to 
alibrate the exposure and the gain of the 
amera.The algorithm 
on�gures the most important parameters of the 
amera: exposure, gain, white-balan
e and brightness. For the Unibrain Fire-i 
ameras, the dynami
 range of these param-eters are:
• exposure: 0-511;
• gain: 0-255;
• white-balan
e:0-255, both for the red and the blue 
hannels;
• brightness: 128-383.For the Point Grey Flea 2 
amera, the dynami
 range of the parameters are:
• exposure: 1-1023;
• gain: 0-683;
• white-balan
e: 1-1023, both for the red and the blue 
hannels;
• brightness: 0-255.For ea
h one of these parameters, a PI 
ontroller was implemented. PI 
ontrollers are usedinstead of proportional 
ontrollers as they result in better 
ontrol having no stationary error.The 
onstants of the 
ontroller have been obtained experimentally for both 
ameras, guar-anteeing the stability of the system and an a

eptable time to rea
h the desired referen
e[22℄. 22



The algorithm 
on�gures one parameter at a time, iterating between them when the 
onver-gen
e of the parameter under analysis has been attained. The algorithm stops when all theparameters have 
onverged. The algorithm is outlined in Fig. 3.5.
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Figure 3.5: Overview of the automated 
alibration pro
edure. The algorithm exe
utes onemodule at a time, 
hanging between them when the 
onvergen
e of the parameter underanalysis has been attained.To measure the performan
e of this 
alibration algorithm, tests have been 
ondu
ted using the
amera with di�erent initial 
on�gurations. In Fig. 3.6, the experimental results are presentedboth when the algorithm starts with the parameters of the 
amera set to zero and set to themaximum value. As it 
an seen, the 
on�guration obtained after using the proposed algorithmis approximately the same independently of the initial 
on�guration of the 
amera. Moreover,the algorithm 
onverges fast, between 60 and 70 frames to 
onverge.In Fig. 3.9 is presented an image a
quired with the 
amera in auto mode. The results obtainedusing the 
amera with the parameters in auto mode are overexposed and the white balan
e isnot 
orre
tly 
on�gured. This is due to the fa
t that the 
amera analyzes the entire image and,as we 
an see in Fig. 3.9, there are large bla
k regions 
orresponding to the robot itself. Theimplemented algorithm uses a mask to sele
t the region of interest to 
alibrate the 
amerausing only the valid pixels. Moreover, and due to the 
hanges in the environment aroundthe robot as it moves, leaving the 
amera in auto mode leads to undesirable 
hanges in theparameters of the 
amera, 
ausing problems to the 
orre
t 
olor 
lassi�
ation.Table 3.1 presents the value of the statisti
al measures des
ribed to evaluate the qualityof digital images, regarding the experimental results presented in Fig. 3.6. These results
on�rms that the 
amera is 
orre
tly 
on�gured after applying the automated 
alibrationpro
edure, sin
e the results obtained are near the optimal. Moreover, independently of theinitial 
on�guration, we obtain images with the same 
hara
teristi
s.23
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Figure 3.6: Some experiments using the automated 
alibration pro
edure. On the left, resultsobtained starting with all the parameters of the 
amera set to zero. On the right, resultsobtained with all the parameters set to the maximum value. On the top, the initial imagea
quired. In the middle, the image obtained after applying the automated 
alibration pro
e-dure. The last row 
ontains the graphi
s showing the evolution of the parameters along thetime.A

ording to the experimental results presented in Table 3.1, we 
on
lude that the MSVmeasure is the best one in 
lassifying the quality of an image. Although important, the othermeasures 
annot distinguish between two images that have 
lose 
hara
teristi
s.The good results of the automated 
alibration pro
edure 
an also be 
on�rmed in the his-24



Figure 3.7: On the left, an example of an image a
quired with the 
amera parameters in automode. On the right, an image a
quired after applying the automated 
alibration algorithm.Experiment � ACM Average Entropy MSVParameters Initial 111.00 16.00 0.00 1.00set to zero Final 39.18 101.95 6.88 2.56Parameters. Initial 92.29 219.03 2.35 4.74set to maximum Final 42.19 98.59 6.85 2.47Camera Initial 68.22 173.73 6.87 3.88Auto Mode Final 40.00 101.14 6.85 2.54Table 3.1: Statisti
al measures obtained for the images presented in Figs. 3.6 and 3.7. Theinitial values refer to the images obtained with the 
amera before applying the proposedautomated 
alibration pro
edure. The �nal values refer to the images a
quired with the
ameras 
on�gured with the proposed algorithm.
tograms presented in Fig. 3.8. The histogram of the image obtained after applying the pro-posed automated 
alibration pro
edure (Fig. 3.8b) is 
entered near the intensity 127, whi
h isa desirable property, as visually 
on�rmed in Fig. 3.6. The histogram of the image a
quiredusing the 
amera in auto mode (Fig. 3.8a) shows that the image is overexposed, leading tothe majority of the pixels to have bright 
olors.This algorithm have also been tested outdoor, under natural light. Figure 3.9 shows that thealgorithm works well even with di�erent light 
onditions. It 
on�rms that the algorithm 
ouldbe used in non-
ontrolled lighting 
onditions and under di�erent environments.25
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b)Figure 3.8: The histogram of the intensities of the two images presented in Fig. 3.6. a) showsthe histogram of the image obtained with the 
amera in auto mode. b) shows the histogramof the image obtained after applying the automated 
alibration pro
edure.3.2.1 Run-time auto-
alibrationSometimes it is ne
essary to adjust the 
amera parameters during the game be
ause theillumination along the �eld isn't 
onstant and the nature of the light and its intensity 
hangesduring the game. That usually makes the 
olors be
ome out of the range where they weresupposed to be. Consequently the robot 
an't identify where the ball is or identify its ownlo
ation on the �eld. In order to over
ome this problem, it is 
ru
ial to keep a pro
ess runningable to adjust the 
amera parameters during the game, and insuring that the image 
olors
an be kept 
onstant independently of the light. In this se
tion, it will be dis
ussed animplementation of an algorithm to perform this task. The algorithm must be fast be
ause26



Figure 3.9: On the left, an image a
quired outdoor using the 
amera in auto mode. Asit is possible to observe, the 
olors are washed out. That happens be
ause the 
amera'sauto-exposure algorithm tries to 
ompensate the bla
k around the mirror. On the right, thesame image with the 
amera 
alibrated using the implemented algorithm. As it is possible toobserve, the 
olors and their 
ontours are mu
h more de�ned.it 
ould a�e
t the other pro
esses running in the 
omputer of the robots, for example thea
quisition and image pro
essing program [23℄ and the agent software.The developed algorithm is based on the assumptions des
ribed in the previous se
tion butonly adjusts the gain and exposure. The only measure made for ea
h frame is the MSV(Equation 3.5). As mentioned before, it allows to know if the image is underexposed oroverexposed. This measure is fast to be 
al
ulated, in parti
ular when the image is a
quiredon the YUV 
olor spa
e, due to the fa
t that the luminan
e of ea
h pixel is a
quired dire
tlyfrom the 
amera without any further arithmeti
 operation. This algorithm is in
luded in theimage a
quisition and pro
essing appli
ation, whi
h is the appli
ation running on the robot's
omputer responsible for a
quiring, pro
ess and analyze the relevant information of ea
h frame[23℄, and takes about 2ms per frame to exe
ute. After the frame is a
quired, the algorithm is
alled to 
al
ulate the MSV of the frame, then the gain and the exposure are adjusted in su
hway that the MSV of the next frame is near 2.5.Tests have been performed on CAMBADA �eld, where it is possible to swit
h on and o� threerows of �uores
ent lamps. In the �rst test, the robot is pla
ed in the middle of the �eld andthe test starts with all the lamps on (see Fig. 3.10 a)). Then, one by one, all the rows of lampsare swit
hed o�. After that, the se
ond row is swit
hed on, followed by the �rst row and thenthe third row.An example of an image a
quired in the experiment des
ribed above is presented in Fig. 3.11.The experimental results are presented in the Fig. 3.12, where the graphi
s present the evolu-27



a) b)Figure 3.10: In a) the representation of CAMBADA's �eld, for the �rst run-time experiment.The robot position is represented as a bla
k 
ir
le, and the rows with the lamps are representedwith the blue 
olor, showing the arrangement of the lamps on CAMBADA's �eld. The testhas started with all rows of lamps on. Then, from the row one to the row three, the rowslamps were shut down one by one. After that, the se
ond row is swit
hed on, followed by the�rst row and then by the third row. On the right, the red arrows represents the movementalong the �eld performed by the robot during the se
ond run-time test, starting with the rowsone and three on. Then, in the middle of the test, the �rst and the third rows are swit
hedo�, and the se
ond row is swit
hed on at the same time.

Figure 3.11: An image of the CAMBADA's �eld with only the se
ond row of lamps on, 
ausinga non-uniform light over the �eld. As it is possible to observe, it 
auses a great variation ofthe green along the �eld, whi
h is impossible to 
alibrate.
28



tion of the exposure and gain parameters of the 
amera and the MSV value. As 
an be seen,the algorithm tries to adjust the 
amera parameters, in su
h way that the MSV is always 2.5.When both parameters, gain and exposure, hits the maximum, there is no way to maintain theMSV at 2.5 and the residual error is a

umulated by the integral 
ontroller. The 
onsequen
eis that the algorithm doesn't rea
t immediately when the MSV de
reases. In a real situation,this doesn't 
ause any problem be
ause the illumination 
hanges slowly along the time.
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Figure 3.12: Graphi
s of �rst run-time test. It shows that the algorithm adapts qui
kly tosmall 
hanges in light 
onditions maintaining the MSV value at 2.5.The se
ond experiment performed starts with the robot pla
ed in the middle of the �eld. Thenit moves in the �eld making the traje
tory marked in the Fig. 3.10 b) with the red arrow. Inthe beginning of the test, only the �rst and third rows of lamps are swit
hed on. Then, inthe middle of the test, the �rst and the third rows are swit
hed o�, and the se
ond row isswit
hed on at the same time.The experimental results are presented in Fig. 3.13, where the graphi
s present the evolutionof the exposure and gain parameters of the 
amera and the MSV value. As 
an be observed,the algorithm adapts to gradual 
hanges in light. Moreover, the test has shown that the robot29




an always 
lassify the relevant 
olors of the a
quired image and always knows where it ispla
ed on the �eld, meaning that the obje
ts of interest, su
h as the white lines, are 
orre
tlydete
ted.
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Figure 3.13: Graphi
s of the se
ond run-time test. It shows that the algorithm adapts qui
klyto di�erent light 
onditions maintaining the MSV value at 2.5.Regarding the experimental results obtained, it is possible to 
on
lude that the adjustment ofthe gain and exposure parameters 
ontribute signi�
antly to the 
olor 
lassi�
ation. It makesthe robot to be able to always 
lassify the 
olors, even under light variations along the �eld.Consequently, the robot always knows where it is pla
ed on the �eld and 
an make the rightde
isions and perform the right behaviors. The e�e
tiveness of the proposed algorithm was
on�rmed on ROBOTICA 2008 where this algorithm was used and the team CAMBADA haswon the �rst pla
e.
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Chapter 4
Color 
alibration
In the RoboCup domain image analysis is simpli�ed, sin
e obje
ts are 
olor 
oded. Bla
krobots play with an orange ball on a green �eld that has white lines. Thus, the 
olor of a pixelis a strong hint for obje
t dete
tion. Due to this fa
t, the 
orre
t obje
t dete
tion may havea signi�
ant dependen
e on the 
orre
t 
olor 
lassi�
ation.The 
alibration of the 
olor range asso
iated to ea
h 
olor 
lass is another pro
ess that hasto be performed before ea
h game be
ause the 
olors of an image a
quired by a 
amera aredependent of the s
ene and also of the 
amera 
alibration. These two pro
edures have tomat
h 
ompletely in order to allow the robot to re
ognize the relevant obje
ts existing in theenvironment around it.Until now, the 
olor 
alibration pro
edure has been made o�ine, whi
h means it was ne
essaryto previously a
quire a video sequen
e. Then, with an o�ine appli
ation, the user sele
ts somepixels and a

ording to the their 
olor value a parti
ular 
olor 
lass is 
reated. This pro
edurehas to be repeated for ea
h relevant 
olor. Usually, the 
olor 
alibration is performed in HSV(Hue, Saturation and Value) 
olor spa
e due to its spe
ial 
hara
teristi
s (see Fig. 4.1) [14℄.The main drawba
k of this pro
edure is the fa
t that it has to be performed o�ine, meaningthat when the 
amera 
alibration or the 
olors of the s
ene 
hange, it is ne
essary to a
quirea new video and then pro
ess it again. These steps usually requires several minutes to adjustthe information for ea
h 
olor. Another problem is that, using an o�ine pro
edure, there isno way to test the 
olor 
alibration result in real-time and in all positions of the �eld.In this 
hapter three developed methods will be presented allowing online 
olor 
alibration.These methods make possible to 
alibrate the 
olors dire
tly on the robot.The �rst implemented method is based on the statisti
al information about a spe
i�
 sele
ted31



Figure 4.1: A s
reenshot of CambadaViewer appli
ation, that is the appli
ation used to 
ali-brate the 
olors in o�ine mode [24℄.
area for ea
h 
olor 
lass. For ea
h area, it is 
al
ulated the maximum and minimum valuesin HSV 
olor spa
e. These values are used to sele
t the upper and lower boundaries of the
olor 
lass. If the 
olor range wasn't 
orre
tly 
alibrated, a manual adjustment has to bemade for maximum and minimum values of hue, saturation and value using a sliders interfa
e.This pro
edure 
an present some problems parti
ularly when the sele
ted area hasn't anhomogeneous 
olor or, sometimes, when there is a pixel with a quite di�erent 
olor from thedesired one, leading to 
olors wrongly 
alibrated or somewhat less a

urate. Furthermore theuse of sliders to sele
t the 
olor range is not mu
h intuitive.In order to improve the method des
ribed above, the se
ond method is an evolution from the�rst one. It was developed an interfa
e that uses the histogram of the three 
olor 
omponents(hue, saturation and value) to sele
t the desired 
olor range for ea
h 
olor 
lass. For ea
h
olor, a set of pixels are sele
ted 
orresponding to the 
olor 
lass that is under 
alibration.The value of ea
h pixel, in HSV 
olor spa
e, is marked on the histogram of hue, saturation andvalue. Then, it is sele
ted the range of hue for the sele
ted 
olor and the saturation and valuehistograms are updated with the image pixels in
luded in this range of hue. This pro
edureis easier, faster and more a

urate than the method using sliders.32



Figure 4.2: On the left, an image a
quired on the CAMBADA �eld with the green 
olorsegmented. On the right, the 
orresponding histogram. From top to bottom: hue, saturationand value of the image.4.1 Automated algorithm for 
olor 
alibrationA third method was implemented using HSV histograms and a 
anny edge dete
tor [25, 26,27, 28℄. The 
anny edge dete
tor �nds the edges in areas with strong intensity 
ontrasts. Thisis the most used edge dete
tor in image pro
essing. Applying the 
anny edge dete
tor to theimage a
quired, all the transitions between 
olors with high 
ontrast are marked, as shown inFig. 4.3.

Figure 4.3: On the left, an image a
quired on the CAMBADA's �eld, to whi
h the 
anny edgedete
tor was applied. On the right, the same image with strong edges after 
onsidering asedge the neighboring pixels of the original edges obtained by the 
anny edge dete
tor.As it 
an be seen in the left side of the Fig. 4.3, some areas are not 
orre
tly delimited. To33



Minimum MaximumHue 79 177Saturation 26 64Value 84 207Table 4.1: Color ranges obtained for the green 
olor 
lass using the des
ribed algorithma

ording to the Fig. 4.4. .
orre
t this e�e
t, it is 
onsidered as edge the neighboring pixels of the original edges obtainedby the 
anny edge dete
tor. With this transformed image, where areas with the same 
olor arewell delimited, it is possible to 
al
ulate the maximum and minimum boundaries in HSV 
olorspa
e for 
olor 
lassi�
ation. First, it is ne
essary to �nd at least one pixel of the intended
olor in ea
h one of the delimited areas. For that, using the assumption that most of theimage pixels are green, the hue, saturation and value of the 
olor with the higher level ofo
urren
e in the HSV histogram are determined. Using the HSV histogram, it is possible toknow whi
h are the values, in HSV 
olor spa
e, of the pixel that appears more often. Then,with a threshold of 10, it is sele
ted at least one pixel in ea
h delimited area. Now, using aregion growing algorithm, all pixels delimited are sele
ted. With all green pixels sele
ted, it is
al
ulated the maximum and minimum values in HSV 
olor spa
e for the 
olor under analysis.The right side of the Fig. 4.4, shows the �eld image with the green 
olor segmented. Theresults obtained with this algorithm are presented on Table 4.1. As it 
an be seen, all thegreen pixels are segmented 
on�rming that this algorithm works well.

Figure 4.4: On the left, an image a
quired on the CAMBADA's �eld. On the right, the sameimage with the green 
olor segmented. 34



The experimental results obtained with the des
ribed algorithm are promising. However, the
urrent implementation has a high 
omputational 
omplexity (above 100ms to pro
ess a singleimage) whi
h means it 
an not be used in real-time.

35



36



Chapter 5
Con
lusion
There are many problems behind the use of 
ameras in roboti
 appli
ations. One of them,and the most di�
ult to over
ome, is the use of 
ameras in roboti
 appli
ations under naturallight. To a
hieve the �rst goal of RoboCup MSL 
ompetition, it is ne
essary to over
ome thisproblem.In Chapter 1, it was dis
ussed the most 
ommon problems behind the use of 
ameras inRoboCup MSL 
ompetition. It was also dis
ussed how CAMBADA team and the otherRoboCup MSL teams solve this problems.In Chapter 2, it was introdu
ed some notions about 
amera parameters and the RGB, YUVand HSV 
olor spa
es, to better understand the algorithms dis
ussed in the following 
hapters.In Chapter 3, it was dis
ussed the two implemented algorithms to auto
alibrate the 
amerasat the beginning of ea
h game. This doesn't solve the whole problem but minimizes the e�e
tsof the light variations during the tournament. By 
omparing the two developed algorithms,it is easy to 
on
lude that the se
ond algorithm, using PI 
ontrollers and the MSV measure,has better results. That happens mainly be
ause it uses the PI 
ontrollers to approximate the
amera parameters to the ideal parameters and the MSV measure that evaluates the luminan
eof the image. Comparing to the se
ond algorithm, the �rst developed algorithm doesn't workso well. One of the problems is that it takes mu
h more time to 
onverge. Another problemis that it only uses the information of two sele
ted areas, and not the whole image.It was also presented a run-time algorithm that 
an be used with the image a
quisition andpro
essing appli
ation. It minimizes the e�e
ts of lighting variations along the �eld and duringthe game. That is a typi
al problem that CAMBADA team has fa
ed, until now.In Chapter 4, it was presented some 
olor 
alibration algorithms and it was also dis
ussed37



the methods used by CAMBADA team until now. The �rst developed algorithm, using theanalysis of a sele
ted area for ea
h 
olor, isn't the most a

urate due to the fa
t that if onepixel of the sele
ted area is quite di�erent of the sele
ted 
olor, that will 
ause an in
orre
t
olor 
alibration. It is possible to adjust the 
olor ranges using an interfa
e with sliders.The se
ond method, using HSV histograms, makes the pro
ess of manual 
olor 
alibrationeasier, be
ause sele
ting some pixels on the image allows to visualize their position on HSVhistogram. Sele
ting the maximum and minimum boundaries of hue, saturation and valuehistograms are updated only with the image pixels in
luded on the sele
ted range of hue.The last developed method use an edge dete
tion and a region growing algorithm. The ex-perimental results obtained with the des
ribed algorithm are promising. However, the 
urrentimplementation has a high 
omputational 
omplexity and 
an not be used in real-time. In thefuture, with some optimization this drawba
k 
ould be solved. This method with the 
am-era 
alibration running on robot's 
omputer, will probably allow the robot to have its visionsystem always optimized for the best performan
e on 
olor 
lassi�
ation and obje
t dete
tion.Now with the proposed algorithm for 
amera parameters and 
olor 
alibration methods, it ispossible to 
alibrate the vision system of the robots without the need for either a previousvideo a
quisition or for the presen
e of an expert person. This 
an now be made dire
tly onthe robot, and visualized in real-time if the 
olors are 
orre
tly 
alibrated.This thesis has 
ontributed signi�
antly to the good results obtained by the CAMBADAteam in the Portuguese Roboti
s Open, ROBOTICA 2008 [29℄. The work presented in thisthesis was also used in other roboti
 appli
ations, as is the 
ase of the Rota2008 and Ratozingerteams, of University of Aveiro , in the Autonomous driving 
ontest. This work has 
ontributedto their 
olor and 
ameras 
alibration.The results obtained prove that the algorithms presented in this thesis will 
ontribute to themain goals of RoboCup league.As future work, the following lines 
an be pointed out:
• Improvement of the 
olor 
alibration performan
e in su
h way that it 
an be madeautomati
ally in o�ine and also in run-time mode.
• Improvement of the white-balan
ing algorithm, in su
h way that it doesn't need a whitereferen
e or, if needed, the referen
e must be sear
hed in the image.
• Development of an algorithm to automati
ally 
alibrate the 
amera saturation.
• Implementation of an algorithm integrated into the software of the robot to 
alibrate
olors and 
amera parameters in run-time.38



Appendix A
AutoCalibration manual
A.1 Introdu
tionThis manual intends to explain how to use the 
alibration tool designed for CAMBADAteam, to 
alibrate their �rewire 
ameras. This appli
ation is used to adjust automati
ally theparameters of the 
amera. To use it, the appli
ation only needs to know where the bla
k andwhite referen
es are. These are the ne
essary referen
es used by the 
alibration algorithm.The 
amera's parameters are adjusted by the analyses of the sele
ted bla
k and white areasand the whole valid image, until the "the white is really white and the bla
k is really bla
k".The algorithm 
ould be explained in a simple way su
h as:

• The white-balan
e (the gain of blue and red 
hannels respe
tively), is adjusted untilthe average values of U and V (in YUV 
olor spa
e), of the sele
ted white zone areapproximately 127.
• The gain and exposure are adjusted in su
h way that the luminan
e histogram is 
enteredaround 127.
• The brightness is adjusted from the zone sele
ted as bla
k. It is adjusted until theaverage value of ea
h RGB 
hannel is around 2.0.This appli
ation also allows the user to 
alibrate the 
olor range, using the information ob-tained by the HSV histograms. 39



A.2 How to use the appli
ationThe use of this appli
ation is simple. To start the appli
ation the following 
ommand lineformat is used: ./AutoCalibration -
f # {options} The only mandatory parameter is the
on�guration �le (option -
f r?.
onf), where the information of the initial parameters of the
amera, the 
olor range for ea
h 
olor, the mask that sele
ts the valid pixels, and the distan
emap are stored. This appli
ation was developed only for the 
ameras used by CAMBADAteam, whi
h are a Point Grey Flea 2 and a Unibrain Fire-i BCL. To use one of these 
ameras,the parameter -
am must be initialized (option -
am # { Unibr: Unibrain Fire-i BCL, Point:Point Grey Flea 2}). The parameter fps (frames-per-se
ond) also has to be 
on�gured (option-fps # {3, 7, 15, 30}).When the appli
ation starts, the image a
quired by the 
amera is diplayed in the 
omputers
reen. To 
alibrate the 
amera parameters, �rst it is ne
essary to sele
t the white and bla
kareas. For this, press the C key and in the s
reen is displayed the number of ea
h 
olor. Then,press the key number of the desired 
olor. When the 
olor is sele
ted, with the mouse sele
tthe area for that 
olor. The key S allows to see the sele
ted zones for ea
h 
olor in the s
reen.To start the 
alibration algorithm press the A key. In the s
reen will be displayed the message"AutoCalibrating ..." and the 
urrent values of gain, exposure, brightness and white-balan
e.After a few se
onds, when the parameters had stabilyzed, you should press again the A keyto stop the 
alibration algorithm. To store the 
orre
t parameters into the 
on�guration �lepress U. It is possible to use the 
amera's auto
alibration algorithm at any time, pressing theK key. To desa
tivate the 
amera's algorithm press again the K key.To 
alibrate the 
olors, �rst press the E key. It will be displayed in the s
reen the HSVhistogram. To sele
t the desired 
olor to be 
alibrated, press in the "HSV - Histogram Win-dow", with the mouse's left key, the respe
tive square 
olor. Then press the key I. It willbe displayed, in a new window, an enlarged image of the mouse's pointed area. To knowthe values, in HSV 
olor spa
e, of the sele
ted pixel, press the mouse's left key. The valuesof the 
urrent pixel will be displayed on the image and in the HSV-Histogram window, the
urrent pixel position will be displayed with white lines, in the HSV-Histogram. To displaythe segmented image, press the Y key. If a 
ertain pixel is not segmented, for the respe
tive
olor, sele
t it with the mouse. On the HSV-Histogram window, the red lines are the upperand lower boundaries of the sele
ted 
olor. If a 
ertain white line is out of the range, to movethe lower boundarie, in the HSV-Histogram window, press on the white line with the mouse'sleft button. To move the upper boundarie, in the HSV-Histogram window, sele
t the whiteline with the mouse's right button. To 
lear the white lines on the HSV-Histogram, press with40



the mouse's left button on the gray square.Now will be explained the fun
tion of ea
h key and the meaning of the arguments that ispossible to pass to the appli
ation:
Appli
ation:-h Help-
f Con�guration �le (Obligatory)Camera:-mode # 4 4:RGB, 1:YUV 411, 2:YUV 422-
am # {Point} Point: Point Gray Flea2, Unibr: Unibrain Fire-i BCL-fps # {15} 3:3.75, 7:7.5, 15, 30-wb #:# {-1:-1}-sht # {0}-exposure # -1-gain # {-1}-brightness # {-1}-gamma # {-1}-saturation # {-1}-sharpness # {-1}

During the appli
ation some keys have spe
i�
 fun
tionalities, whi
h are:41



Key Des
riptionH Visualize on the s
reen the fun
tion of ea
h keyC Allows to sele
t a spe
i�
 
olor areaA A
tivate/dea
tivate the 
alibration algorithmS Shows the sele
ted 
olor areasK A
tivate/dea
tivate the 
amera's 
alibration algorithmU Update the 
on�guration �leP PauseI Allows to know the HSV information of a 
ertain pixelShows the enlarged area around the mouse pointerY Segment the imageE Displays the HSV histogramR Displays the RGB histogramG Displays the Luminan
e HistogramQ Quit

42



Appendix B
LibAutoCalib

• void Rgb2Yuv ( double *RGB, 
olor_yuv& yuvPix ) - Convert a RGB pixel to YUV
• void Rgb2Yuv2( double *RGB, 
olor_yuv& yuvPix ) - Convert a RGB pixel to YUV
• void ConvertYuv2Rgb(unsigned 
har bu�n[℄, unsigned 
har bu�out[℄, int mode) - Con-vert a YUV frame to RGB
• void AverageAreaRGB(unsigned 
har* imgBuf, int y1, int y2, int x1, int x2, Stats* RGB)- Cal
ulates the average value in RGB mode of the sele
ted area for ea
h 
hannel
• void StdAreaRGB(unsigned 
har* imgBuf, int y1, int y2, int x1, int x2, Stats* statsval-ues) - Cal
ulates the standard deviation value in RGB mode of the sele
ted area for ea
h
hannel;
• void MaxMinAreaRGB(unsigned 
har* imgBuf, int y1, int y2, int x1, int x2, Stats*statsvalues) - Cal
ulates the maximum and minimum values in RGB mode of the sele
tedarea for ea
h 
hannel
• void AverageAreaHSV(unsigned 
har* imgBuf, int y1, int y2, int x1, int x2, Stats* HSV)- Cal
ulates the average value in HSV mode of the sele
ted area for ea
h 
hannel
• void StdAreaHSV(unsigned 
har* imgBuf, int y1, int y2, int x1, int x2, Stats* statsval-ues) - Cal
ulates the standard deviation value in RGB mode of the sele
ted area for ea
h
hannel
• void MaxMinAreaHSV(unsigned 
har* imgBuf, int y1, int y2, int x1, int x2, Stats*statsvalues) - Cal
ulates the maximum and minimum values in RGB mode of the sele
tedarea for ea
h 
hannel 43



• void a
mCal
(unsigned 
har* buf, unsigned 
har* mask, ImageStats* stats) - Cal
ulatesimage statisti
s of the valid pixels
• void SegmentateImage (unsigned 
har* SegImage, unsigned 
har* mask, ColorRange *
r) - Segment the image
• void Cal
Histogram(unsigned 
har* imgBuf, unsigned 
har* mask, int* histogram, Im-ageStats* stats) - Cal
ulates the histogram
• ImageStats GetHistParam (
onst ImageHolder& image, unsigned 
har* mask) - Cal
u-lates histogram parameters
• void CalibrateGainExposure(ImageStats stats, CameraSettings* 
s) - Cal
ulates theGain and Exposure values to set to the 
amera a

ording to theinformation passedby stats.
• Class ImageAnalyzer� ImageAnalyzer() - Default 
onstru
tor� ImageAnalyzer(enum iMode Mode, unsigned Rows, unsigned Cols, unsigned 
har*ImgBuf, unsigned 
har *Mask) - Contru
tor� �ImageAnalyzer() - Destru
tor� void Cal
ImgStats() - Cal
ulates image satisti
s� void DrawHistogram() - Draw histogram� void SetColourCoord(unsigned 
olor, int x1, int y1, int x2, int y2) - Set 
olor
oordinates� void Cal
ImgAreaStats() - Cal
ulates area satisti
s� void AverageArea(unsigned 
olor) - Cal
ulates the average value of the sele
tedarea for ea
h 
hannel� void MaxMinArea(unsigned 
olor) - Cal
ulates the average value of the sele
tedarea for ea
h 
hannel� void ZoomPoint(CvPoint ptCenter) - Zooms the sele
ted point� void SegmentateImg (ColorRange *
r) - Segmentates the image� void DrawRgbHistogram() - Draws the RGB histogram� void DrawHsvHistogram() - Draws the HSV histogram44
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