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palavras-chave Visão rob ótica, p ro cessamento de imagem, câma ras digitais, câma ras omni-

direccionais, calib ração de câma ras digitais, calib ração de co res

resumo O recurso a camâ ras digitais em aplicaçõ es rob óticas tem vindo a crescer

signi�cativamente nos últimos anos. As p rincipais á reas de aplicação des-

tes rob ôs são a indústria e as aplicaçõ es milita res, nos quais estas camâ ras

são usadas como senso r que p ermite ao rob ô retira r a info rmação relevante

do ambiente envolvente, a qual lhe p ermite toma r decisõ es. P a ra extrair

info rmação de uma imagem, como a fo rma ou a co r de objectos, é imp o r-

tante que os pa râmetros da câma ra se encontrem b em calib rados. Esta

dissertação está inserida no p rojecto CAMBAD A (Co op erative Autonomous

roBots w/ A dvanced Distributed Architecture), desenvolvido p elo Depa rta-

mento de Electrónica, T elecomunicaçõ es e Info rmática da Universidade de

A veiro e ap resenta um conjunto de algo ritmos pa ra calib ração dos p rincipais

pa râmetros de uma câma ra digital, b em como a calib ração de co res de inte-

resse asso ciadas a uma determinada aplicação das câma ras. Esta dissertação

p rop õ e dois algo ritmos que p ermitem aos rob ôs, de fo rma automática, ca-

lib ra r os pa râmetros das câma ras do seu sistema de visão. Estes algo ritmos

baseiam-se em info rmação extraída das imagens adquiridas p elas câma ras

e na utilização de comp ensado res. São p rop ostos ainda três méto dos pa ra

calib ra r as co res, dois deles de fo rma manual mas intuitivos pa ra o utilizado r,

e p o r último um algo ritmo automático baseado em detecção de conto rnos e

crescimento de regiõ es.





k eyw o rds Rob otic vision, image p ro cessing, digital cameras, omnidirectional cameras,

camera calib ration, colo r calib ration

Abstract In the past few y ea rs the use of digital cameras in rob otic applications has

b een increasing signi�cantly . The main a reas of application of this rob ots

a re the industry and milita ry applications, where these cameras a re used as

a senso r that allo ws the rob ot to tak e the relevant info rmation of the sur-

rounding environment, allo wing it to mak e decisions. T o extract info rmation

from the acquired image, such as shap es o r colo rs, the camera calib ration

p ro cedure is very imp o rtant. This thesis is inserted in the CAMBAD A (Co op-

erative Autonomous Mobile roBots w/ A dvanced Distributed Architecture)

p roject, develop ed b y the Depa rtment of Electronics, T elecommunication

and Info rmatics of the Universit y of A veiro, and p resents several algo rithms

to calib rate the most imp o rtant pa rameters of a digital camera and the colo rs

of interest fo r a sp eci�c application. This thesis p rop oses t w o algo rithms that

allo w the rob ots to calib rate autonomously the pa rameters of their camera

systems. These algo rithms a re based on the info rmation extracted from the

acquired image and in the use of controllers. It also p rop oses three metho ds

fo r colo r calib ration, t w o of them a re manual but intuitive to the user, and

the last one an automatic algo rithm based on edge detection and region

gro wing algo rithms.
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Chapter 1

In tro duction

In the past few y ears the use of digital cameras in rob otic applications has b een increasing

signi�can tly . The main areas of application of this rob ots are the industry and military

applications, where these cameras are used as a sensor that allo ws the rob ot to tak e the

relev an t information of the surrounding en vironmen t, allo wing it to mak e decisions.

T o extract information from the acquired image, suc h as shap es or colors, the camera cali-

bration pro cedure is v ery imp ortan t. If the camera is wrongly calibrated, the image details

are lost and it is imp ossible to recognize an ything based on shap e or color, as can b e seen in

Fig. 1.1.

Figure 1.1: On the left, an example of an image acquired b y one of the CAMBAD A team

rob ots with its camera wrongly calibrated. On the righ t, an image correctly calibrated.

The ma jor applications of cameras in rob otics vision o ccur within con trolled en vironmen ts,

whic h means that the in tensit y and the t yp e of ligh t is alw a ys constan t. In this case the

parameters of the cameras only need to b e adjusted once b ecause the en vironmen t luminance

will b e almost constan t.
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This thesis is inserted in the CAMBAD A (Co op erativ e Autonomous Mobile roBots w/ A d-

v anced Distributed Arc hitecture) pro ject, dev elop ed b y the Departmen t of Electronics, T elecom-

m unication and Informatics of the Univ ersit y of A v eiro [1]. CAMBAD A is a team of so ccer

rob ots that participates in the Middle Size League (MSL) of R OBOCUP [2]. It is a m ultidisci-

plinary pro ject, that in v olv es kno wledge of mec hanics, arti�cial in telligence, p o w er electronics,

instrumen tation, computer arc hitecture, telecomm unications, soft w are engineer, arti�cial vi-

sion and co op eration, among others.

CAMBAD A rob ots ha v e a h ybrid vision system in tegrating an omnidirectional and a p er-

sp ectiv e camera. The omnidirectional part of the vision system [3] is based on a catadioptric

con�guration implemen ted with a �rewire camera (with a 1/3� CCD sensor and a 4.0mm

fo cal distance lens) and a h yp erb olic mirror. The p ersp ectiv e camera uses a lo w cost �rewire

camera (BCL 1.2 Unibrain camera with a 1/4� CCD sensor and a 3.6mm fo cal distance lens).

The omnidirectional camera w orks at 30 frames p er second (fps) in YUV4:2:2 mo de with a

resolution of 640� 480 pixels. The fron t camera w orks at 30 fps in YUV4:1:1 mo de with a

resolution of 640� 480 pixels.

The omnidirectional vision system is used to �nd the ball, to detect the presence of obstacles

and white lines. In the case of the MSL comp etition of Rob oCup, most of the teams adopt this

approac h for the vision system of the rob ots. The p ersp ectiv e vision is used to �nd the ball

and obstacles in fron t of the rob ot at larger distances, whic h are di�cult to detect using the

omnidirectional vision system, due to its v ery limited spacial resolution at distances greater

than 5 to 6 meters.

A set of algorithms has b een dev elop ed to extract the color information of the acquired images

and, in a second phase, extract the information of all ob jects of in terest. The vision system

arc hitecture uses a distributed paradigm where the main tasks, namely , image acquisition,

color extraction, ob ject detection and image visualization, are separated in sev eral pro cesses.

E�cien t color extraction algorithms ha v e b een dev elop ed based on lo okup tables and a radial

mo del for ob ject detection. The vision system is fast and accurate ha ving a constan t pro cessing

time indep enden t from the en vironmen t around the rob ot [4].

1.1 The Rob oCup MSL case

The ultimate goal of the Rob oCup pro ject is, b y 2050, dev elop a team of fully autonomous

h umanoid rob ots that can win against the h uman w orld c hampion team in so ccer [2]. It means

in a near future, the rob ots will ha v e to pla y under natural ligh t conditions and in outdo or

�elds. This in tro duces man y obstacles to the rob ots b ecause they m ust b e able to pla y either
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Figure 1.2: One of the rob ots used b y the CAMBAD A MSL rob otic so ccer team and its vision

system.

under con trolled ligh ting conditions, as is the case of arti�cial illumination, as w ell in non-

con trolled ligh ting conditions, suc h as in outdo or �elds. In outdo or �elds the illumination

can c hange slo wly during the da y , due to the mo v emen t of the sun, as w ell as fast in short

p erio ds of time due to a partial and temp orally co v ering of the sun b y clouds. It means that

the rob ots, ha v e to adjust the colors, in real time, its color segmen tation v alues as w ell as its

camera parameters to adapt to new ligh ting conditions [5 ].

Image analysis in the Rob oCup domain is simpli�ed, since ob jects are color co ded. Blac k

rob ots pla y with an orange ball on a green �eld that has white lines. Th us, the color of a pixel

is a strong hin t for ob ject detection. This fact can b e exploited b y de�ning color classes, using

a lo ok-up table (LUT) for fast color classi�cation. The table consists of 16 777 216en tries (one

of eac h 224
p ossible color com binations - 8 bits for red, 8 bits for green and 8 bits for blue).

Eac h en try is 8 bits wide, whic h means that the LUT o ccupies 16 MBytes in total. If another

color space is used, the table size is the same, c hanging only the �meaning� of eac h comp onen t.

Eac h bit expresses whether the color is within the corresp onding class or not. This means

that a certain color can b e assigned to sev eral classes at the same time. T o classify a pixel,

w e �rst read the pixel's color and then use the color as an index in to the table.

The color calibration is p erformed in HSV (Hue, Saturation and V alue) color space due to its

sp ecial c haracteristics. In the curren t setup, the image is acquired in R GB or YUV format

and then is con v erted to an image of lab els using the appropriate LUT [4 ].

As far as w e can understand from the published w ork made b y the other teams of Rob oCup

MSL, most of them don't ha v e an y soft w are to auto calibrate the camera, whic h means their

cameras are only adjusted man ually at the b eginning of eac h game. Some of the teams,
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ho w ev er, claim to ha v e an automatic pro cess for color calibration running o�ine o v er a pre-

acquired video.

In the team description pap ers of Brainstormers T rib ots [6 ], NuBot [7], T ec h United [8]

and Rob ofo ot ÉPM [9 ], some auto calibration algorithms are men tioned, although they don't

presen t an y details ab out them.

1.2 Thesis con tributions

Un til the b eginning of this w ork, the CAMBAD A team didn't ha v e an automatic application to

calibrate the vision system. The camera parameters w ere adjusted man ually and this pro cess

usually to ok m uc h time and required an exp ert p erson. The color calibration w as made b y

acquiring a video and, in o�ine mo de, the video w as pro cessed and the color range for eac h

color w as adjusted.

This thesis prop oses t w o algorithms for camera parameters calibration, b oth automatically

p erformed b y the rob ots. The �rst one obtains satisfactory results, but presen ts some con trol

problems along the time. Moreo v er, it do esn't use an y measure of qualit y to ensure the correct

calibration and it do esn't ev aluate the whole image.

The second prop osed algorithm attains b etter results and has solv ed the problems referred to

in the �rst algorithm. It's based on a PI con troller, resp onsible for the camera parameters

up date, and uses a set of measures, namely A CM, A v erage, En trop y and MSV to ev aluate the

qualit y of the acquired images. This impro v es the obtained results and guaran tees that the

images ha v e nearly the same c haracteristics. Exp erimen tal results obtained b y this algorithm

sho w that the qualit y measures of the image acquired alw a ys con v erge to the same v alues.

Moreo v er, it is p ossible to apply this algorithm in run-time in order to guaran tee that, ev en

while v arying the illumination of the en vironmen t, the relev an t colors of the image will remain

the same.

A metho d to calibrate colors using a HSV histogram is also prop osed. It allo ws to visualize

easily what is the color range of a certain color class and if a pixel is in or out of the selected

color range. This metho d uses the histogram of the three comp onen ts, h ue, saturation and

v alue to select the desired color range for eac h color class.

Finally an automatic metho d to calibrate the color classes using a cann y edge detector is

also prop osed. F or eac h region obtained after applying the edge detector, a region gro wing

algorithm is applied in order to obtain the color range of that region. Eac h color class has a

v alue of h ue, saturation and v alue that is used as seed for the region gro wing algorithm.
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Chapter 2

Digital Cameras

A digital camera is a device that captures video or photographs digitally b y recording the

images captured b y a ligh t sensitiv e sensor. It is formed basically b y a lens, a color sensor,

soft w are for image treatmen t and hardw are capable of pro cess and transmit the captured

images, usually designated b y frames [10, 11 ].

2.1 CCD sensor

Most of the colors of the visible sp ectrum could b e repro duced b y adding distinct parts of red,

green and blue ligh t. This prop ert y is used b y most of CCD sensors to capture color images. It

consists in a square grid of capacitors, whic h are c harged b y a photosensitiv e elemen t co v ered

b y a �lter that only allo ws one comp onen t of ligh t (red, green and blue) to reac h the sensor

(see Fig. 2.1). The image is formed measuring the c harge of eac h capacitor b y a con trol circuit.

F or eac h pixel, the CCD do esn't acquire the information of the three comp onen ts. Instead, a

Ba y er pattern is used. It is a rep eating 2 � 2 mosaic pattern of ligh t �lters, with green ones

at opp osite corners and red and blue in the other t w o p ositions. The predominance of green

tak es adv an tage of prop erties of the h uman visual system, whic h determines brigh tness mostly

from green information and is far more sensitiv e to brigh tness than to h ue or saturation.

2.2 Camera parameters

F or an y particular application the qualit y of an image acquired b y a camera is dep enden t

of man y factors, suc h as illumination, camera lens and, the most imp ortan t, the camera
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Figure 2.1: The Ba y er arrangemen t of color �lters on the pixel arra y of an image sensor [12 ].

parameters. In the follo wing sections it will b e explained the common parameters of a camera

and their e�ects in the image.

2.2.1 White-balance

This parameter is one of the most imp ortan t con�gurable parameters of the camera. The image

colors app ear di�eren t dep ending on the illumination under whic h the image w as tak en. This

is due to the fact that di�eren t ligh t sources ha v e di�eren t color temp eratures. The adjustmen t

of this parameter should b e p erformed in order to mak e a white source to app ear white on the

image under di�eren t ligh t conditions. Usually , when this parameter hasn't b een adjusted,

the images ha v e a red or blue tonalit y , as presen ted in Fig. 2.2. The comp ensation of this

e�ect can either b e automatically p erformed b y the camera, or can b e made man ually . The

adjustmen t is p erformer b y correcting the red and blue c hannels gain.
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Figure 2.2: Examples of images acquired in a rob otic so ccer �eld using di�eren t v alues for

the white-balance. On the left, an image acquired with a high v alue of the blue gain. In the

cen ter, an image with the white-balance correctly calibrated. On the righ t, an image acquired

with a high v alue of the red gain.

2.2.2 Brigh tness

This parameter adjusts the blac k lev el of an image, whic h means that an o�set is added or

subtracted for eac h pixel. This parameter, in the limit, could lead to images brigh ter or dark er

(see Fig. 2.3). Usually , this parameter m ust b e set man ually .

Figure 2.3: Examples of images acquired in the rob otic so ccer �eld with di�eren t v alues of

brigh tness. On the left, an image acquired with a lo w v alue of brigh tness. In the cen ter, an

image correctly acquired. On the righ t, an image acquired with a high v alue of brigh tness.

2.2.3 Con trast

This parameter is resp onsible to turn the brigh t colors more brigh t and the dark colors more

dark. In a high con trast image, edges can b e seen more clearly and the di�eren t elemen ts of

an image are accen ted. In a lo w con trast image, the brigh tness of di�eren t elemen ts is nearly

the same and it's hard to mak e out detail (see Fig. 2.4).
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Figure 2.4: Examples of images acquired in the rob otic so ccer �eld with di�eren t v alues of

con trast. On the left, an image acquired with a lo w con trast. In the cen ter, an image correctly

acquired. On the righ t, an image acquired with a high con trast.

2.2.4 Gain

This parameter is usually implemen ted b y hardw are. When the c harge of eac h CCD capacitor

is measured, its v alue is ampli�ed b y hardw are, b y a �gain� factor b efore the quan tization step.

Increasing this factor mak es the image brigh ter and increases the con trast but adds noise to

the image, due to the fact that the original noise of the image is also ampli�ed. Usually , this

parameter can b e set to the automatic mo de, whic h means that the camera automatically

con trol the v alue of the gain b y an algorithm that ev aluates the brigh tness of the last frame

(see Fig. 2.5).

Figure 2.5: Examples of images acquired in the rob otic so ccer �eld with di�eren t v alues of

gain. On the left, an image acquired with a lo w v alue of gain. In the cen ter, an image correctly

acquired. On the righ t, an image acquired with a high v alue of gain.

2.2.5 Exp osure

Exp osure is the total amoun t of ligh t allo w ed to fall on the image, whic h means that it is

related with the time that the CCD sensor is exp osed to the ligh t in eac h frame. A high v alue

of exp osure will lead to images more brigh t, whic h is the same e�ect of the gain but without

adding noise. This time is limited b y the frame rate. F or example, if the camera is acquiring
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images at 15 frames p er second, the CCD sensor could only b e exp osed 1/15 seconds (see

Fig. 2.6).

Figure 2.6: Examples of images acquired in the rob otic so ccer �eld with di�eren t v alues of

exp osure. On the left, an image acquired with a lo w v alue of exp osure. In the cen ter, an

image correctly acquired. On the righ t, an image acquired with a high v alue of exp osure.

2.2.6 Sh utter

The sh utter sp eed determines the amoun t of time that the sh utter of a camera is op ened and

is therefore similar to the exp osure parameter. The adjustmen t of this parameter allo ws to

con trol the mo v emen t of an ob ject in a scene. A lo w sh utter will freeze the ob ject and a high

sh utter will mak e it lo oks blurred as the ob ject mo v es (see Fig. 2.6).

2.2.7 Gamma

This parameter can b e implemen ted b y hardw are or soft w are in the camera. It is usually used

to force an image to ha v e the same visual asp ect on di�eren t monitors. F or eac h pixel, the

op eration Pc = Po
1

gamma
is p erformed, where Pc and Po are the corrected and the original

pixel v alues resp ectiv ely . The e�ect of this parameter is to turn dark er or brigh ter the dark

pixels related to the brigh t pixels. The adjustmen t of this parameter is usually set man ually

(see Fig. 2.7).

2.2.8 Saturation

The saturation of a color refers to ho w vibran t a color is. A lo w saturated color is near to gra y ,

leading to an image where the colors lo ok �w ashed out�. On the opp osite, a high saturated

color b ecomes clear, resulting in image where the colors are v ery in tense (see Fig. 2.8).
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Figure 2.7: Examples of images acquired in the rob otic so ccer �eld with di�eren t v alues of

gamma. On the left, an image acquired with a lo w v alue of gamma. On the righ t, an image

acquired with a higher v alue of gamma.

Figure 2.8: Examples of images acquired in the rob otic so ccer �eld with di�eren t v alues of

saturation. On the left, an image acquired with a lo w v alue of saturation. In the cen ter, an

image correctly acquired. On the righ t, an image acquired with a high v alue of saturation.

2.2.9 Hue

This parameter allo ws to in tro duce an o�set in the colors sp ectrum. Usually , the camera

do esn't use this parameter b y default and do esn't ha v e an automatic mo de (see Fig. 2.9).

Figure 2.9: Examples of images acquired in the rob otic so ccer �eld with di�eren t v alues of

h ue On the left, an image acquired with a lo w v alue of h ue. In the cen ter, an image correctly

acquired. On the righ t, an image acquired with a high v alue of h ue.
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2.3 Color spaces

A color space is a mathematical mo del to digitally represen t the colors. There exist man y

color spaces. Eac h one has di�eren t c haracteristics and is suitable for di�eren t applications.

Some of them use the three primary colors (red, green and blue) while others use di�eren t

concepts, suc h as the case of h ue, saturation and v alue, related to the h uman visual system,

or luminance and t w o c hromatic comp onen ts, suc h as the one used for television [13, 14].

2.3.1 R GB

The name R GB comes from Red, Green and Blue initials, that are the three emissiv e primary

colors. This color space uses the additiv e prop erties of the colors allo wing to obtain almost all

p ossible colors of the visible sp ectrum. This color space is used mainly on computer graphics,

as w ell in TV and video. This color space isn't in tuitiv e to h uman p erception, but ha v e the

adv an tage to b e v ery simple to implemen t and compute. The R GB could b e visualized as

a cub e with three axis, eac h one corresp onding to red, green and blue (see Fig. 2.10). The

b ottom corner, when red = green = blue = 0 is blac k, while on the opp osite corner, where

red = green = blue = 255 (for a 8 bit p er c hannel displa y system) is white. In the diagonal

v ector from blac k to white, are represen ted the gra y lev els, c haracterized b y ha ving the same

amoun t of eac h primary color.

Figure 2.10: The R GB color space represen tation [15 , 13 ].

2.3.2 YUV

The YUV color space separates the information of a color in to its luminance (Y) and t w o

c hromatic comp onen ts, namely U and V (see Fig. 2.11). It is used b y the Phase Alternation
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Line (P AL), National T elevision System Committee (NTSC), and Sequen tial Couleur A v ec

Mémoire (SECAM) comp osite color video standards. The biggest adv an tage of this color

space relativ ely to the R GB is that the h uman visual p erception (in terms of b oth in tensit y

and spacial resolution) of the Y comp onen t is greater than the p erception of the U and V com-

p onen ts. Due to this kno wledge, the U and V comp onen ts usually are sub-sampled (Fig. 2.12)

and the image requires a smaller bandwidth to b e transmitted an it is more e�cien tly stored.

This pro cess in tro duces some loss of qualit y in the reconstructed image but it is assumed

that the h uman ey e can't distinguish the di�erences. This is used as a �rst step for image

compression.

Figure 2.11: The U-V color plane considering Y=127 [16 ].

T o con v ert R GB to YUV the follo wing 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 ) + 128

T o con v ert YUV to R GB the follo wing 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 sc hemes

Because the h uman ey e is less sensitiv e to the c hrominance than the luminance, bandwidth

could b e optimized b y storing more information ab out the luminance than ab out c hromi-

nance. In follo wing, the v arious sub-sampling sc hemes will b e explained. The mo des YUV444,

12



YUV422 and YUV411 are acquired b y digital cameras using a pac k et represen tation. The

mo de YUV420 is acquired using a planar represen tation, i. e. the camera returns eac h image

comp onen t (the full image) at a time.

YUV444: eac h comp onen t has the same resolution without loss of information. The infor-

mation acquired b y the camera has the follo wing mapping:

Y0U0V0Y1U1V1Y2U2V2Y3U3V3

Eac h pixel will b e mapp ed according to the follo wing:

[Y0U0V0] [Y1U1V1] [Y2U2V2] [Y3U3V3]

YUV422: the U and V comp onen ts are spatially sampled half times relativ ely to the Y

comp onen t, whic h means that the horizon tal resolution is an half than the YUV444.

The information acquired b y the camera has the follo wing mapping:

U0Y0V1Y1U2Y2V3Y3

Eac h pixel will b e mapp ed according to the follo wing:

[Y0U0V1] [Y1U0V1] [Y2U2V3] [Y3U2V3]

YUV411: the horizon tal resolution of U and V comp onen ts is divided b y four. The video in

this format uses 6 b ytes to store eac h macropixel (one rectangle with 1 � 4 pixels).

U0Y0Y1V2Y2Y3

Eac h pixel will b e mapp ed according to the follo wing:

[Y0U0V2] [Y1U0V2] [Y2U0V2] [Y3U0V2]

YUV420: the horizon tal and the v ertical resolution of U and V comp onen ts are divided b y

t w o. The video in this format uses 6 pixels to store eac h macropixel (one square with

2 � 2 pixels).

In Fig. 2.12, it is presen ted a graphical represen tation of the sev eral YUV sub-sampling sc hemes

describ ed ab o v e.
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Figure 2.12: Represen tation of the di�eren t sub-sampling sc hemes of the YUV color space

[17 ].

2.3.3 HSV

The color receptors in the h uman ey e, kno wn as cones, from di�eren t areas of the sp ectrum,

with the greatest sensitivit y in the blue, green and red part of it. The color information signals

acquired b y the cones are then further pro cessed in the visual system. Nev ertheless, a p erson

cannot mak e in tuitiv e estimates of the blue, green and red comp onen ts of an y particular color.

On the other hand, in the p erception pro cess, a h uman can easily recognize basic attributes

of color suc h as in tensit y (brigh tness, ligh tness) I, saturation S and h ue H. The h ue represen ts

the impression related to the dominan t w a v elength of the color stim ulus. The saturation

corresp onds to relativ e color purit y . Colors with zero saturation are gra y lev els. Maxim um

in tensit y is sensed as pure white, minim um in tensit y as pure blac k. The H, S, I comp onen ts of

the HSI color mo del are calculated from form ula expressing appro ximately the psyc hoph ysical

sense of these notions from the R GB co ordinate system to a cylindrical mo del of p erceptions

(see Fig. 2.13a)) [18 ].

T w o other deriv ations of the generic HSI color space are applied usually in computer graphics

and image pro cessing: HSV and HLS. Figures 2.13b) and 2.13c) illustrate the geometric

in terpretation of these mo dels. They di�er of the original HSI mo del in the expression of the

in tensit y and saturation v alues. F or the HSV mo del the colors b ecome less saturated when

the in tensit y approac hes minimal lev el. In HLS the colors b ecome less saturated when the

in tensit y approac hes minimal or maximal lev els. Imp ortan t adv an tages of the HSI, HSV and

HLS mo dels o v er other color spaces are go o d compatibilit y with the h uman in tuition of color.

They are in tuitiv e color spaces and allo w an easy separation b et w een c hromatic v alues and

ac hromatic v alues.

F or image pro cessing, a color system based on the h uman p erception of color (HSI, HLS or

HSV) ma y b e more b ene�cial namely when h uman in teraction is necessary . On the other hand

14



a) b) c)

Figure 2.13: Graphical represen tation of a) HSI, b) HSV and c) HLS color spaces [18].

if the image source is acquired using a YUV sampling sc heme with lo w er resolution for the

c hromatic signals these mo dels also allo w an easy preserv ation of the luminance comp onen t

in the form of the I,V or L signals. Due to this fact, in the �eld of rob otic applications, HSV

is the color space most used for color classi�cation whic h simpli�es and mak es more accurate

the selection of color ranges for eac h color of in terest [14 ]. This color space is represen ted in

Fig. 2.14. .

Figure 2.14: Conical represen tation of the HSV color space [19 ].

In this w ork it is used the HSV color space. T o con v ert R GB to HSV it used the follo wing

equations:

h� [0; 359]

s� [0; 1]

v� [0; 1]
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max = max(r; g; b)

min = min (r; g; b)

h =

8
>>>>>>><

>>>>>>>:

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 = max

T o con v ert HSV to R GB it used the follo wing equations:

hi = b h
60cmod6

f = h
60 � b h

60c

p = v � (1 � s)

q = v � (1 � f � s

t = v � (1 � (1 � f ) � s)

Compute color v ector (r, g, b)

(r; g; b) =

8
>>>>>>>>>><

>>>>>>>>>>:

(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 calibration of camera parameters

The calibration of the camera is crucial for color-based ob ject detection and has to b e p er-

formed when en vironmen tal conditions c hange, for example when using di�eren t so ccer �elds

or when ligh ting conditions c hanges.

Using the camera in auto mo de has sev eral problems and cannot b e used is some rob otic

applications. In the case of the CAMBAD A rob ots and due to the fact that the en vironmen t

around these rob ots has sp eci�c c haracteristics, suc h as the green �eld and the blac k b o dy of

the rob ots that �lls the most part of the image (see Fig. 3.1), the auto mo de of the cameras

do not p erform w ell.

Figure 3.1: An example of a mask used to select the pixels to b e pro cessed b y the omnidirec-

tional vision system. White p oin ts represen ts the area that will b e pro cessed.

The image acquired b y the camera in auto mo de is o v erexp osed due to the large blac k areas

existing in the image and the white-balance is not correctly calibrated, leading to erroneous

colors in the image. This is due to the fact that most of cameras use algorithms that assume

that the pixels of an image are distributed along the visible color sp ectrum.
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Un til the b eginning of this w ork, the camera calibration w as p erformed man ually b y a sp ecial-

ized p erson. This calibration pro cess usually to ok ab out 10 min utes for the full con�guration

of eac h rob ot's vision system. So an algorithm that calibrates automatically the camera is

a great help to optimize the pro cess. In the follo wing it will b e explained the dev elop ed

algorithms and discussed the exp erimen ts results obtained.

Figure 3.2: An example of an image acquired b y the camera of one rob ot of the CAMBAD A

team.

3.1 Camera calibration algorithm

The �rst dev elop ed algorithm do esn't analyze the en tire image but uses a selection of t w o

areas with sp eci�c c haracteristics, namely a blac k and a white areas. It only adjusts the

white-balance, the gain and brigh tness parameters. It is assumed that, when the camera is

calibrated, the selected areas ha v e the follo wing c haracteristics:

� the white area should b e white:

� in the YUV color space this means that the a v erage v alue of U and V should b e

127. If the white-balance is not correctly con�gured, these v alues are di�eren t from

127 and the image do es not ha v e the correct colors;

� in the R GB color space the a v erage v alue should equal for the three comp onen ts and

near (255, 255, 255). If not, the en tire image is either to o dark and gain parameter

needs to b e adjusted, or there is a predominance of one of the primary colors and

the white-balance needs to b e adjusted;

� the blac k area should b e blac k � in the R GB color space this means that the a v erage

v alues of R, G and B should b e close to zero. If the brigh tness is to o high w e observ e

that the blac k area b ecomes blue, resulting in a degradation of the image.
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Figure 3.3: Diagram of the auto calibration algorithm.

The algorithm p erforms as follo ws:

1. A new frame is acquired b y the camera.

2. F or the selected blac k and white areas, it is calculated the maxim um, minim um and the

a v erage v alues of Y, U and V in the YUV color space and R, G and B in the R GB color

space.

3. The adjustmen t of white-balance is made based on the a v erage v alue of white area in

the YUV color space. If the U v alue is smaller than 127 the blue gain of white-balance is

incremen ted, else if it is greater than 127 the blue gain is decremen ted. The same is made

for red gain of white-balance, but using as reference the mean v alue of V comp onen t of

the white area.

4. The adjustmen t of the gain parameter of the camera is based b y the maxim um and

minim um v alues of the R, G and B v alues in the white area. If an y of the maxim um

v alues is equal to 255 the gain will b e decremen ted. On the other case, if an y of the

minim um v alues is smaller than 200 the gain is incremen ted.

5. The adjustmen t of brigh tness is p erformed using the blac k area and it is adjusted in

order to guaran t y that the blue v alue in the R GB color space is smaller than 5 and, at

the same time, guaran t y that an y of the mean v alues of R, G and B nev er is greater

than or equal to 2.

The c hanges in the parameters, as describ ed ab o v e, are made using some prede�ned constan ts

obtained exp erimen tally . This is a p ossible dra wbac k of the algorithm.

The exp erimen tal results sho ws that this algorithm presen ts a satisfactory p erformance. Ho w-

ev er it also sho ws some problems, namely it tak es some time to con v erge and only partial

ev aluation of the image to obtain useful information. Moreo v er, it dep ends on the initial

parameters set to the camera. Some results obtained with this algorithm are presen ted in

Fig. 3.4.
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Figure 3.4: Exp erimen tal results using the automated calibration pro cedure describ ed in this

section. On the left, results obtained starting with all the parameters of the camera set to

zero. On the righ t, results obtained with all the parameters set to the maxim um v alue. On

the top, the initial image acquired. In the middle, the image obtained after applying the

automated calibration pro cedure. The last ro w con tains graphics sho wing the ev olution of the

parameters along the time.
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3.2 Auto calibration of camera parameters using PI con trollers

This section presen ts an ev olution of the algorithm describ ed in the previous section. It also

uses t w o reference areas in the image, namely a white area to calibrate the white-balance and

a blac k area to calibrate the brigh tness. Ho w ev er, the histogram of the in tensities of the image

is used to calibrate the exp osure and the gain of the camera.

An histogram of the in tensities of an image is a graphical represen tation of the in tensit y pixel

v alue sho wn as bars corresp onding to the coun t of the o ccurrences of all p ossible v alues in the

image. F or an image represen ted using 8 bits p er pixel, the p ossible v alues are b et w een 0 and

255. Image histograms can indicate the nature of the ligh t conditions, the exp osure of the

image and whether it is underexp osed or o v erexp osed.

The assumptions used b y the prop osed algorithm are:

� the white area should b e white � in the YUV color space this means that the a v erage

v alue of U and V should b e 127. If the white-balance is not correctly con�gured, these

v alues are di�eren t from 127 and the image do es not ha v e the correct colors;

� the blac k area should b e blac k � in the R GB color space, this means that the a v erage

v alues of R, G and B should b e close to zero. If the brigh tness is to o high, it is observ ed

that the blac k region b ecomes blue, resulting in a degradation of the image;

� the histogram of in tensities should b e cen tered around 127 and should span all in tensit y

v alues. Dividing the histogram in to regions, the left regions represen t dark colors, while

the righ t regions represen t ligh t colors. An underexp osed image will b e leaning to the

left, while an o v erexp osed image will b e leaning to the righ t in the histogram.

Statistical measures can b e extracted from digital images to quan tify the image qualit y [20 , 21 ].

A n um b er of t ypical measures used in the literature can b e computed from the image gra y

lev el histogram, namely:

� Mean:

� =
N � 1X

i =0

iP (i ); (3.1)

� En trop y:

E = �
N � 1X

i =0

P(i )log(P(i )); (3.2)
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� Absolute Cen tral Momen t (A CM):

ACM =
N � 1X

i =0

ji � � jP(i ); (3.3)

� Mean Sample V alue (MSV):

MSV =

P 4
j =0 (j + 1) x j
P 4

j =0 x j
; (3.4)

where N is the n um b er of p ossible gra y v alues in the histogram (t ypically , 256), P(i ) is the

probabilit y of eac h gra y v alue, x(j ) is the sum of the gra y v alues in region j of the histogram

(in the prop osed approac h w e divided the histogram in to �v e regions). The image is correct

when � � 127, E � 8, ACM � 50 and MSV � 2:5. These measures allo w to analyze the

p erformance of the automated calibration algorithm. Moreo v er, the information of MSV will

also b e used to calibrate the exp osure and the gain of the camera.

The algorithm con�gures the most imp ortan t parameters of the camera: exp osure, gain, white-

balance and brigh tness. F or the Unibrain Fire-i cameras, the dynamic range of these param-

eters are:

� exp osure: 0-511;

� gain: 0-255;

� white-balance:0-255, b oth for the red and the blue c hannels;

� brigh tness: 128-383.

F or the P oin t Grey Flea 2 camera, the dynamic range of the parameters are:

� exp osure: 1-1023;

� gain: 0-683;

� white-balance: 1-1023, b oth for the red and the blue c hannels;

� brigh tness: 0-255.

F or eac h one of these parameters, a PI con troller w as implemen ted. PI con trollers are used

instead of prop ortional con trollers as they result in b etter con trol ha ving no stationary error.

The constan ts of the con troller ha v e b een obtained exp erimen tally for b oth cameras, guar-

an teeing the stabilit y of the system and an acceptable time to reac h the desired reference

[22 ].
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The algorithm con�gures one parameter at a time, iterating b et w een them when the con v er-

gence of the parameter under analysis has b een attained. The algorithm stops when all the

parameters ha v e con v erged. The algorithm is outlined in Fig. 3.5.

Brightness
Calibration
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R, G, B Camera

Parameters
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Set new
Parameters

Calibration
Exposure / gain

Intensities
Histogram MSV Camera

Parameters
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Set new
Parameters

White balance
CalibrationRegion

White U, V
Camera

Parameters
Get

Set new
Parameters

Figure 3.5: Ov erview of the automated calibration pro cedure. The algorithm executes one

mo dule at a time, c hanging b et w een them when the con v ergence of the parameter under

analysis has b een attained.

T o measure the p erformance of this calibration algorithm, tests ha v e b een conducted using the

camera with di�eren t initial con�gurations. In Fig. 3.6, the exp erimen tal results are presen ted

b oth when the algorithm starts with the parameters of the camera set to zero and set to the

maxim um v alue. As it can seen, the con�guration obtained after using the prop osed algorithm

is appro ximately the same indep enden tly of the initial con�guration of the camera. Moreo v er,

the algorithm con v erges fast, b et w een 60 and 70 frames to con v erge.

In Fig. 3.9 is presen ted an image acquired with the camera in auto mo de. The results obtained

using the camera with the parameters in auto mo de are o v erexp osed and the white balance is

not correctly con�gured. This is due to the fact that the camera analyzes the en tire image and,

as w e can see in Fig. 3.9, there are large blac k regions corresp onding to the rob ot itself. The

implemen ted algorithm uses a mask to select the region of in terest to calibrate the camera

using only the v alid pixels. Moreo v er, and due to the c hanges in the en vironmen t around

the rob ot as it mo v es, lea ving the camera in auto mo de leads to undesirable c hanges in the

parameters of the camera, causing problems to the correct color classi�cation.

T able 3.1 presen ts the v alue of the statistical measures describ ed to ev aluate the qualit y

of digital images, regarding the exp erimen tal results presen ted in Fig. 3.6. These results

con�rms that the camera is correctly con�gured after applying the automated calibration

pro cedure, since the results obtained are near the optimal. Moreo v er, indep enden tly of the

initial con�guration, w e obtain images with the same c haracteristics.
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Figure 3.6: Some exp erimen ts using the automated calibration pro cedure. On the left, results

obtained starting with all the parameters of the camera set to zero. On the righ t, results

obtained with all the parameters set to the maxim um v alue. On the top, the initial image

acquired. In the middle, the image obtained after applying the automated calibration pro ce-

dure. The last ro w con tains the graphics sho wing the ev olution of the parameters along the

time.

A ccording to the exp erimen tal results presen ted in T able 3.1, w e conclude that the MSV

measure is the b est one in classifying the qualit y of an image. Although imp ortan t, the other

measures cannot distinguish b et w een t w o images that ha v e close c haracteristics.

The go o d results of the automated calibration pro cedure can also b e con�rmed in the his-
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Figure 3.7: On the left, an example of an image acquired with the camera parameters in auto

mo de. On the righ t, an image acquired after applying the automated calibration algorithm.

Exp erimen t � A CM A v erage En trop y MSV

P arameters Initial 111.00 16.00 0.00 1.00

set to zero Final 39.18 101.95 6.88 2.56

P arameters. Initial 92.29 219.03 2.35 4.74

set to maxim um Final 42.19 98.59 6.85 2.47

Camera Initial 68.22 173.73 6.87 3.88

Auto Mo de Final 40.00 101.14 6.85 2.54

T able 3.1: Statistical measures obtained for the images presen ted in Figs. 3.6 and 3.7. The

initial v alues refer to the images obtained with the camera b efore applying the prop osed

automated calibration pro cedure. The �nal v alues refer to the images acquired with the

cameras con�gured with the prop osed algorithm.

tograms presen ted in Fig. 3.8. The histogram of the image obtained after applying the pro-

p osed automated calibration pro cedure (Fig. 3.8b) is cen tered near the in tensit y 127, whic h is

a desirable prop ert y , as visually con�rmed in Fig. 3.6. The histogram of the image acquired

using the camera in auto mo de (Fig. 3.8a) sho ws that the image is o v erexp osed, leading to

the ma jorit y of the pixels to ha v e brigh t colors.

This algorithm ha v e also b een tested outdo or, under natural ligh t. Figure 3.9 sho ws that the

algorithm w orks w ell ev en with di�eren t ligh t conditions. It con�rms that the algorithm could

b e used in non-con trolled ligh ting conditions and under di�eren t en vironmen ts.
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Figure 3.8: The histogram of the in tensities of the t w o images presen ted in Fig. 3.6. a) sho ws

the histogram of the image obtained with the camera in auto mo de. b) sho ws the histogram

of the image obtained after applying the automated calibration pro cedure.

3.2.1 Run-time auto-calibration

Sometimes it is necessary to adjust the camera parameters during the game b ecause the

illumination along the �eld isn't constan t and the nature of the ligh t and its in tensit y c hanges

during the game. That usually mak es the colors b ecome out of the range where they w ere

supp osed to b e. Consequen tly the rob ot can't iden tify where the ball is or iden tify its o wn

lo cation on the �eld. In order to o v ercome this problem, it is crucial to k eep a pro cess running

able to adjust the camera parameters during the game, and insuring that the image colors

can b e k ept constan t indep enden tly of the ligh t. In this section, it will b e discussed an

implemen tation of an algorithm to p erform this task. The algorithm m ust b e fast b ecause
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Figure 3.9: On the left, an image acquired outdo or using the camera in auto mo de. As

it is p ossible to observ e, the colors are w ashed out. That happ ens b ecause the camera's

auto-exp osure algorithm tries to comp ensate the blac k around the mirror. On the righ t, the

same image with the camera calibrated using the implemen ted algorithm. As it is p ossible to

observ e, the colors and their con tours are m uc h more de�ned.

it could a�ect the other pro cesses running in the computer of the rob ots, for example the

acquisition and image pro cessing program [23] and the agen t soft w are.

The dev elop ed algorithm is based on the assumptions describ ed in the previous section but

only adjusts the gain and exp osure. The only measure made for eac h frame is the MSV

(Equation 3.5). As men tioned b efore, it allo ws to kno w if the image is underexp osed or

o v erexp osed. This measure is fast to b e calculated, in particular when the image is acquired

on the YUV color space, due to the fact that the luminance of eac h pixel is acquired directly

from the camera without an y further arithmetic op eration. This algorithm is included in the

image acquisition and pro cessing application, whic h is the application running on the rob ot's

computer resp onsible for acquiring, pro cess and analyze the relev an t information of eac h frame

[23 ], and tak es ab out 2ms p er frame to execute. After the frame is acquired, the algorithm is

called to calculate the MSV of the frame, then the gain and the exp osure are adjusted in suc h

w a y that the MSV of the next frame is near 2.5.

T ests ha v e b een p erformed on CAMBAD A �eld, where it is p ossible to switc h on and o� three

ro ws of �uorescen t lamps. In the �rst test, the rob ot is placed in the middle of the �eld and

the test starts with all the lamps on (see Fig. 3.10 a)). Then, one b y one, all the ro ws of lamps

are switc hed o�. After that, the second ro w is switc hed on, follo w ed b y the �rst ro w and then

the third ro w.

An example of an image acquired in the exp erimen t describ ed ab o v e is presen ted in Fig. 3.11.

The exp erimen tal results are presen ted in the Fig. 3.12, where the graphics presen t the ev olu-
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a) b)

Figure 3.10: In a) the represen tation of CAMBAD A's �eld, for the �rst run-time exp erimen t.

The rob ot p osition is represen ted as a blac k circle, and the ro ws with the lamps are represen ted

with the blue color, sho wing the arrangemen t of the lamps on CAMBAD A's �eld. The test

has started with all ro ws of lamps on. Then, from the ro w one to the ro w three, the ro ws

lamps w ere sh ut do wn one b y one. After that, the second ro w is switc hed on, follo w ed b y the

�rst ro w and then b y the third ro w. On the righ t, the red arro ws represen ts the mo v emen t

along the �eld p erformed b y the rob ot during the second run-time test, starting with the ro ws

one and three on. Then, in the middle of the test, the �rst and the third ro ws are switc hed

o�, and the second ro w is switc hed on at the same time.

Figure 3.11: An image of the CAMBAD A's �eld with only the second ro w of lamps on, causing

a non-uniform ligh t o v er the �eld. As it is p ossible to observ e, it causes a great v ariation of

the green along the �eld, whic h is imp ossible to calibrate.
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tion of the exp osure and gain parameters of the camera and the MSV v alue. As can b e seen,

the algorithm tries to adjust the camera parameters, in suc h w a y that the MSV is alw a ys 2.5.

When b oth parameters, gain and exp osure, hits the maxim um, there is no w a y to main tain the

MSV at 2.5 and the residual error is accum ulated b y the in tegral con troller. The consequence

is that the algorithm do esn't react immediately when the MSV decreases. In a real situation,

this do esn't cause an y problem b ecause the illumination c hanges slo wly along the time.
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Figure 3.12: Graphics of �rst run-time test. It sho ws that the algorithm adapts quic kly to

small c hanges in ligh t conditions main taining the MSV v alue at 2.5.

The second exp erimen t p erformed starts with the rob ot placed in the middle of the �eld. Then

it mo v es in the �eld making the tra jectory mark ed in the Fig. 3.10 b) with the red arro w. In

the b eginning of the test, only the �rst and third ro ws of lamps are switc hed on. Then, in

the middle of the test, the �rst and the third ro ws are switc hed o�, and the second ro w is

switc hed on at the same time.

The exp erimen tal results are presen ted in Fig. 3.13, where the graphics presen t the ev olution

of the exp osure and gain parameters of the camera and the MSV v alue. As can b e observ ed,

the algorithm adapts to gradual c hanges in ligh t. Moreo v er, the test has sho wn that the rob ot
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can alw a ys classify the relev an t colors of the acquired image and alw a ys kno ws where it is

placed on the �eld, meaning that the ob jects of in terest, suc h as the white lines, are correctly

detected.
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Figure 3.13: Graphics of the second run-time test. It sho ws that the algorithm adapts quic kly

to di�eren t ligh t conditions main taining the MSV v alue at 2.5.

Regarding the exp erimen tal results obtained, it is p ossible to conclude that the adjustmen t of

the gain and exp osure parameters con tribute signi�can tly to the color classi�cation. It mak es

the rob ot to b e able to alw a ys classify the colors, ev en under ligh t v ariations along the �eld.

Consequen tly , the rob ot alw a ys kno ws where it is placed on the �eld and can mak e the righ t

decisions and p erform the righ t b eha viors. The e�ectiv eness of the prop osed algorithm w as

con�rmed on R OBOTICA 2008 where this algorithm w as used and the team CAMBAD A has

w on the �rst place.
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Chapter 4

Color calibration

In the Rob oCup domain image analysis is simpli�ed, since ob jects are color co ded. Blac k

rob ots pla y with an orange ball on a green �eld that has white lines. Th us, the color of a pixel

is a strong hin t for ob ject detection. Due to this fact, the correct ob ject detection ma y ha v e

a signi�can t dep endence on the correct color classi�cation.

The calibration of the color range asso ciated to eac h color class is another pro cess that has

to b e p erformed b efore eac h game b ecause the colors of an image acquired b y a camera are

dep enden t of the scene and also of the camera calibration. These t w o pro cedures ha v e to

matc h completely in order to allo w the rob ot to recognize the relev an t ob jects existing in the

en vironmen t around it.

Un til no w, the color calibration pro cedure has b een made o�ine, whic h means it w as necessary

to previously acquire a video sequence. Then, with an o�ine application, the user selects some

pixels and according to the their color v alue a particular color class is created. This pro cedure

has to b e rep eated for eac h relev an t color. Usually , the color calibration is p erformed in HSV

(Hue, Saturation and V alue) color space due to its sp ecial c haracteristics (see Fig. 4.1) [14].

The main dra wbac k of this pro cedure is the fact that it has to b e p erformed o�ine, meaning

that when the camera calibration or the colors of the scene c hange, it is necessary to acquire

a new video and then pro cess it again. These steps usually requires sev eral min utes to adjust

the information for eac h color. Another problem is that, using an o�ine pro cedure, there is

no w a y to test the color calibration result in real-time and in all p ositions of the �eld.

In this c hapter three dev elop ed metho ds will b e presen ted allo wing online color calibration.

These metho ds mak e p ossible to calibrate the colors directly on the rob ot.

The �rst implemen ted metho d is based on the statistical information ab out a sp eci�c selected
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Figure 4.1: A screenshot of Cam badaView er application, that is the application used to cali-

brate the colors in o�ine mo de [24].

area for eac h color class. F or eac h area, it is calculated the maxim um and minim um v alues

in HSV color space. These v alues are used to select the upp er and lo w er b oundaries of the

color class. If the color range w asn't correctly calibrated, a man ual adjustmen t has to b e

made for maxim um and minim um v alues of h ue, saturation and v alue using a sliders in terface.

This pro cedure can presen t some problems particularly when the selected area hasn't an

homogeneous color or, sometimes, when there is a pixel with a quite di�eren t color from the

desired one, leading to colors wrongly calibrated or somewhat less accurate. F urthermore the

use of sliders to select the color range is not m uc h in tuitiv e.

In order to impro v e the metho d describ ed ab o v e, the second metho d is an ev olution from the

�rst one. It w as dev elop ed an in terface that uses the histogram of the three color comp onen ts

(h ue, saturation and v alue) to select the desired color range for eac h color class. F or eac h

color, a set of pixels are selected corresp onding to the color class that is under calibration.

The v alue of eac h pixel, in HSV color space, is mark ed on the histogram of h ue, saturation and

v alue. Then, it is selected the range of h ue for the selected color and the saturation and v alue

histograms are up dated with the image pixels included in this range of h ue. This pro cedure

is easier, faster and more accurate than the metho d using sliders.
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Figure 4.2: On the left, an image acquired on the CAMBAD A �eld with the green color

segmen ted. On the righ t, the corresp onding histogram. F rom top to b ottom: h ue, saturation

and v alue of the image.

4.1 Automated algorithm for color calibration

A third metho d w as implemen ted using HSV histograms and a cann y edge detector [25 , 26 ,

27, 28]. The cann y edge detector �nds the edges in areas with strong in tensit y con trasts. This

is the most used edge detector in image pro cessing. Applying the cann y edge detector to the

image acquired, all the transitions b et w een colors with high con trast are mark ed, as sho wn in

Fig. 4.3.

Figure 4.3: On the left, an image acquired on the CAMBAD A's �eld, to whic h the cann y edge

detector w as applied. On the righ t, the same image with strong edges after considering as

edge the neigh b oring pixels of the original edges obtained b y the cann y edge detector.

As it can b e seen in the left side of the Fig. 4.3, some areas are not correctly delimited. T o

33



Minim um Maxim um

Hue 79 177

Saturation 26 64

V alue 84 207

T able 4.1: Color ranges obtained for the green color class using the describ ed algorithm

according to the Fig. 4.4.

.

correct this e�ect, it is considered as edge the neigh b oring pixels of the original edges obtained

b y the cann y edge detector. With this transformed image, where areas with the same color are

w ell delimited, it is p ossible to calculate the maxim um and minim um b oundaries in HSV color

space for color classi�cation. First, it is necessary to �nd at least one pixel of the in tended

color in eac h one of the delimited areas. F or that, using the assumption that most of the

image pixels are green, the h ue, saturation and v alue of the color with the higher lev el of

o currence in the HSV histogram are determined. Using the HSV histogram, it is p ossible to

kno w whic h are the v alues, in HSV color space, of the pixel that app ears more often. Then,

with a threshold of 10, it is selected at least one pixel in eac h delimited area. No w, using a

region gro wing algorithm, all pixels delimited are selected. With all green pixels selected, it is

calculated the maxim um and minim um v alues in HSV color space for the color under analysis.

The righ t side of the Fig. 4.4, sho ws the �eld image with the green color segmen ted. The

results obtained with this algorithm are presen ted on T able 4.1. As it can b e seen, all the

green pixels are segmen ted con�rming that this algorithm w orks w ell.

Figure 4.4: On the left, an image acquired on the CAMBAD A's �eld. On the righ t, the same

image with the green color segmen ted.
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The exp erimen tal results obtained with the describ ed algorithm are promising. Ho w ev er, the

curren t implemen tation has a high computational complexit y (ab o v e 100ms to pro cess a single

image) whic h means it can not b e used in real-time.
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Chapter 5

Conclusion

There are man y problems b ehind the use of cameras in rob otic applications. One of them,

and the most di�cult to o v ercome, is the use of cameras in rob otic applications under natural

ligh t. T o ac hiev e the �rst goal of Rob oCup MSL comp etition, it is necessary to o v ercome this

problem.

In Chapter 1, it w as discussed the most common problems b ehind the use of cameras in

Rob oCup MSL comp etition. It w as also discussed ho w CAMBAD A team and the other

Rob oCup MSL teams solv e this problems.

In Chapter 2, it w as in tro duced some notions ab out camera parameters and the R GB, YUV

and HSV color spaces, to b etter understand the algorithms discussed in the follo wing c hapters.

In Chapter 3, it w as discussed the t w o implemen ted algorithms to auto calibrate the cameras

at the b eginning of eac h game. This do esn't solv e the whole problem but minimizes the e�ects

of the ligh t v ariations during the tournamen t. By comparing the t w o dev elop ed algorithms,

it is easy to conclude that the second algorithm, using PI con trollers and the MSV measure,

has b etter results. That happ ens mainly b ecause it uses the PI con trollers to appro ximate the

camera parameters to the ideal parameters and the MSV measure that ev aluates the luminance

of the image. Comparing to the second algorithm, the �rst dev elop ed algorithm do esn't w ork

so w ell. One of the problems is that it tak es m uc h more time to con v erge. Another problem

is that it only uses the information of t w o selected areas, and not the whole image.

It w as also presen ted a run-time algorithm that can b e used with the image acquisition and

pro cessing application. It minimizes the e�ects of ligh ting v ariations along the �eld and during

the game. That is a t ypical problem that CAMBAD A team has faced, un til no w.

In Chapter 4, it w as presen ted some color calibration algorithms and it w as also discussed
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the metho ds used b y CAMBAD A team un til no w. The �rst dev elop ed algorithm, using the

analysis of a selected area for eac h color, isn't the most accurate due to the fact that if one

pixel of the selected area is quite di�eren t of the selected color, that will cause an incorrect

color calibration. It is p ossible to adjust the color ranges using an in terface with sliders.

The second metho d, using HSV histograms, mak es the pro cess of man ual color calibration

easier, b ecause selecting some pixels on the image allo ws to visualize their p osition on HSV

histogram. Selecting the maxim um and minim um b oundaries of h ue, saturation and v alue

histograms are up dated only with the image pixels included on the selected range of h ue.

The last dev elop ed metho d use an edge detection and a region gro wing algorithm. The ex-

p erimen tal results obtained with the describ ed algorithm are promising. Ho w ev er, the curren t

implemen tation has a high computational complexit y and can not b e used in real-time. In the

future, with some optimization this dra wbac k could b e solv ed. This metho d with the cam-

era calibration running on rob ot's computer, will probably allo w the rob ot to ha v e its vision

system alw a ys optimized for the b est p erformance on color classi�cation and ob ject detection.

No w with the prop osed algorithm for camera parameters and color calibration metho ds, it is

p ossible to calibrate the vision system of the rob ots without the need for either a previous

video acquisition or for the presence of an exp ert p erson. This can no w b e made directly on

the rob ot, and visualized in real-time if the colors are correctly calibrated.

This thesis has con tributed signi�can tly to the go o d results obtained b y the CAMBAD A

team in the P ortuguese Rob otics Op en, R OBOTICA 2008 [29]. The w ork presen ted in this

thesis w as also used in other rob otic applications, as is the case of the Rota2008 and Ratozinger

teams, of Univ ersit y of A v eiro , in the Autonomous driving con test. This w ork has con tributed

to their color and cameras calibration.

The results obtained pro v e that the algorithms presen ted in this thesis will con tribute to the

main goals of Rob oCup league.

As future w ork, the follo wing lines can b e p oin ted out:

� Impro v emen t of the color calibration p erformance in suc h w a y that it can b e made

automatically in o�ine and also in run-time mo de.

� Impro v emen t of the white-balancing algorithm, in suc h w a y that it do esn't need a white

reference or, if needed, the reference m ust b e searc hed in the image.

� Dev elopmen t of an algorithm to automatically calibrate the camera saturation.

� Implemen tation of an algorithm in tegrated in to the soft w are of the rob ot to calibrate

colors and camera parameters in run-time.
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App endix A

AutoCalibration man ual

A.1 In tro duction

This man ual in tends to explain ho w to use the calibration to ol designed for CAMBAD A

team, to calibrate their �rewire cameras. This application is used to adjust automatically the

parameters of the camera. T o use it, the application only needs to kno w where the blac k and

white references are. These are the necessary references used b y the calibration algorithm.

The camera's parameters are adjusted b y the analyses of the selected blac k and white areas

and the whole v alid image, un til the "the white is really white and the blac k is really blac k".

The algorithm could b e explained in a simple w a y suc h as:

� The white-balance (the gain of blue and red c hannels resp ectiv ely), is adjusted un til

the a v erage v alues of U and V (in YUV color space), of the selected white zone are

appro ximately 127.

� The gain and exp osure are adjusted in suc h w a y that the luminance histogram is cen tered

around 127.

� The brigh tness is adjusted from the zone selected as blac k. It is adjusted un til the

a v erage v alue of eac h R GB c hannel is around 2.0.

This application also allo ws the user to calibrate the color range, using the information ob-

tained b y the HSV histograms.
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A.2 Ho w to use the application

The use of this application is simple. T o start the application the follo wing command line

format is used: ./A utoCalibr ation -cf # {options} The only mandatory parameter is the

con�guration �le (option -cf r?.conf ), where the information of the initial parameters of the

camera, the color range for eac h color, the mask that selects the v alid pixels, and the distance

map are stored. This application w as dev elop ed only for the cameras used b y CAMBAD A

team, whic h are a P oin t Grey Flea 2 and a Unibrain Fire-i BCL. T o use one of these cameras,

the parameter -c am m ust b e initialized (option -c am # { Unibr: Unibrain Fire-i BCL, P oin t:

P oin t Grey Flea 2}). The parameter fps (frames-p er-second) also has to b e con�gured (option

-fps # {3, 7, 15, 30}).

When the application starts, the image acquired b y the camera is dipla y ed in the computer

screen. T o calibrate the camera parameters, �rst it is necessary to select the white and blac k

areas. F or this, press the C k ey and in the screen is displa y ed the n um b er of eac h color. Then,

press the k ey n um b er of the desired color. When the color is selected, with the mouse select

the area for that color. The k ey S allo ws to see the selected zones for eac h color in the screen.

T o start the calibration algorithm press the A k ey . In the screen will b e displa y ed the message

"AutoCalibrating ..." and the curren t v alues of gain, exp osure, brigh tness and white-balance.

After a few seconds, when the parameters had stabilyzed, y ou should press again the A k ey

to stop the calibration algorithm. T o store the correct parameters in to the con�guration �le

press U . It is p ossible to use the camera's auto calibration algorithm at an y time, pressing the

K k ey . T o desactiv ate the camera's algorithm press again the K k ey .

T o calibrate the colors, �rst press the E k ey . It will b e displa y ed in the screen the HSV

histogram. T o select the desired color to b e calibrated, press in the "HSV - Histogram Win-

do w", with the mouse's left k ey , the resp ectiv e square color. Then press the k ey I . It will

b e displa y ed, in a new windo w, an enlarged image of the mouse's p oin ted area. T o kno w

the v alues, in HSV color space, of the selected pixel, press the mouse's left k ey . The v alues

of the curren t pixel will b e displa y ed on the image and in the HSV-Histogram windo w, the

curren t pixel p osition will b e displa y ed with white lines, in the HSV-Histogram. T o displa y

the segmen ted image, press the Y k ey . If a certain pixel is not segmen ted, for the resp ectiv e

color, select it with the mouse. On the HSV-Histogram windo w, the red lines are the upp er

and lo w er b oundaries of the selected color. If a certain white line is out of the range, to mo v e

the lo w er b oundarie, in the HSV-Histogram windo w, press on the white line with the mouse's

left button. T o mo v e the upp er b oundarie, in the HSV-Histogram windo w, select the white

line with the mouse's righ t button. T o clear the white lines on the HSV-Histogram, press with
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the mouse's left button on the gra y square.

No w will b e explained the function of eac h k ey and the meaning of the argumen ts that is

p ossible to pass to the application:

Application:

-h Help

-cf Con�guration �le (Obligatory)

Camera:

-mo de # 4 4:R GB, 1:YUV 411, 2:YUV 422

-cam # {P oin t} P oin t: P oin t Gra y Flea2, Unibr: Unibrain Fire-i BCL

-fps # {15} 3:3.75, 7:7.5, 15, 30

-wb #:# {-1:-1}

-sh t # {0}

-exp osure # -1

-gain # {-1}

-brigh tness # {-1}

-gamma # {-1}

-saturation # {-1}

-sharpness # {-1}

During the application some k eys ha v e sp eci�c functionalities, whic h are:
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Key Description

H Visualize on the screen the function of eac h k ey

C Allo ws to select a sp eci�c color area

A A ctiv ate/deactiv ate the calibration algorithm

S Sho ws the selected color areas

K A ctiv ate/deactiv ate the camera's calibration algorithm

U Up date the con�guration �le

P P ause

I Allo ws to kno w the HSV information of a certain pixel

Sho ws the enlarged area around the mouse p oin ter

Y Segmen t the image

E Displa ys the HSV histogram

R Displa ys the R GB histogram

G Displa ys the Luminance Histogram

Q Quit
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App endix B

LibAutoCalib

� v oid Rgb2Y uv ( double *R GB, color_yuv& yuvPix ) - Con v ert a R GB pixel to YUV

� v oid Rgb2Y uv2( double *R GB, color_yuv& yuvPix ) - Con v ert a R GB pixel to YUV

� v oid Con v ertY uv2Rgb(unsigned c har bu�n[], unsigned c har bu�out[], in t mo de) - Con-

v ert a YUV frame to R GB

� v oid A v erageAreaR GB(unsigned c har* imgBuf, in t y1, in t y2, in t x1, in t x2, Stats* R GB)

- Calculates the a v erage v alue in R GB mo de of the selected area for eac h c hannel

� v oid StdAreaR GB(unsigned c har* imgBuf, in t y1, in t y2, in t x1, in t x2, Stats* statsv al-

ues) - Calculates the standard deviation v alue in R GB mo de of the selected area for eac h

c hannel;

� v oid MaxMinAreaR GB(unsigned c har* imgBuf, in t y1, in t y2, in t x1, in t x2, Stats*

statsv alues) - Calculates the maxim um and minim um v alues in R GB mo de of the selected

area for eac h c hannel

� v oid A v erageAreaHSV(unsigned c har* imgBuf, in t y1, in t y2, in t x1, in t x2, Stats* HSV)

- Calculates the a v erage v alue in HSV mo de of the selected area for eac h c hannel

� v oid StdAreaHSV(unsigned c har* imgBuf, in t y1, in t y2, in t x1, in t x2, Stats* statsv al-

ues) - Calculates the standard deviation v alue in R GB mo de of the selected area for eac h

c hannel

� v oid MaxMinAreaHSV(unsigned c har* imgBuf, in t y1, in t y2, in t x1, in t x2, Stats*

statsv alues) - Calculates the maxim um and minim um v alues in R GB mo de of the selected

area for eac h c hannel
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� v oid acmCalc(unsigned c har* buf, unsigned c har* mask, ImageStats* stats) - Calculates

image statistics of the v alid pixels

� v oid Segmen tateImage (unsigned c har* SegImage, unsigned c har* mask, ColorRange *cr

) - Segmen t the image

� v oid CalcHistogram(unsigned c har* imgBuf, unsigned c har* mask, in t* histogram, Im-

ageStats* stats) - Calculates the histogram

� ImageStats GetHistP aram (const ImageHolder& image, unsigned c har* mask) - Calcu-

lates histogram parameters

� v oid CalibrateGainExp osure(ImageStats stats, CameraSettings* cs) - Calculates the

Gain and Exp osure v alues to set to the camera according to theinformation passed

b y stats.

� Class ImageAnalyzer

� ImageAnalyzer() - Default constructor

� ImageAnalyzer(en um iMo de Mo de, unsigned Ro ws, unsigned Cols, unsigned c har

*ImgBuf, unsigned c har *Mask) - Con tructor

�

�

ImageAnalyzer() - Destructor

� v oid CalcImgStats() - Calculates image satistics

� v oid Dra wHistogram() - Dra w histogram

� v oid SetColourCo ord(unsigned color, in t x1, in t y1, in t x2, in t y2) - Set color

co ordinates

� v oid CalcImgAreaStats() - Calculates area satistics

� v oid A v erageArea(unsigned color) - Calculates the a v erage v alue of the selected

area for eac h c hannel

� v oid MaxMinArea(unsigned color) - Calculates the a v erage v alue of the selected

area for eac h c hannel

� v oid Zo omP oin t(CvP oin t ptCen ter) - Zo oms the selected p oin t

� v oid Segmen tateImg (ColorRange *cr) - Segmen tates the image

� v oid Dra wRgbHistogram() - Dra ws the R GB histogram

� v oid Dra wHsvHistogram() - Dra ws the HSV histogram
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