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ABSTRACT 

Color is visually considered one of the most important parameters in the definition of 

quality of any food. Its measurement has always been of concern to the food industry and 

food engineering research. The use of computer vision techniques for color and quality 

assessment of food products require an absolute color calibration technique based on a 

common interchange format for color data and a knowledge of which features from an 

image can be best correlated with product quality. 

The main objective of this research was to implement a computer vision system (CVS) 

using digital photography and image analysis techniques to measure color in food surfaces. 

To apply the CVS in quality control of bananas and potato chips during storage or 

production, respectively. 

To achieve this objective, a first step was to implement and calibrate a CVS for device-

independent color measurement based on a common interchange format for standard color 

measurements according to the CIE system. Also, sensitivity of the CVS to changes of 

capture conditions on L*a*b* coordinates and the suitability of sRGB, HSV and L*a*b* 

color spaces for color quantization in curved surfaces were critically evaluated. 
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Results showed that sRGB standard for the spectral sensitivities of practical recording 

devices adopted by the International Electrotechnical Commission (IEC,1999) was 

efficient to define the mapping between R’G’B’ signals from the CDC (Color Digital 

Camera) and a device- independent system such as the CIE XYZ. The CVS system has 

shown to be robust to changes in sample orientation, resolution, and zoom. However, the 

measured average color was significantly affected by the properties of the background and 

by the surface curvature and gloss of the sample. Thus all average color results should be 

interpreted with caution.  The best color space for color quantization in foods was the 

L*a*b* model. Color profile analyses in samples with curved surfaces demonstrated that 

this color system is less affected by the degree of curvature, shadows and glossiness of the 

surfaces compared to the RGB and HSV color systems. 

Applications of the calibrated CVS and image analysis techniques to identify the ripening 

stages of good-quality bananas (stored in optimal conditions, T=20°C and RH=90%) based 

on color, development of brown spots, and image texture information demonstrated that 

despite of variations in data for color and appearance, a simple discriminant analysis is as 

good to identify the ripening stages of bananas as professional visual perception. In this 

case, nine simple features of appearance (L*, a*, b* values; brown area percentage  

(%BSA); number of brown spots per cm2 (NBS/cm2); and homogeneity, contrast, 

correlation and entropy of image texture) extracted from images of bananas were used for 

classification purposes. Using L*, a*, b* color scales, %BSA, and contrast, it was possible 

to classify 49 banana samples in their seven ripening stages with an accuracy of 98%.  

Later, a simpler computer vision algorithm was implemented to predict the seven ripening 

stages of 140 bananas stored under commercial conditions and previously graded by expert 

visual inspection. In this case, two simple color features from each image based on the 

average pixel values (µ) and variance (σ) of the intensity histograms were extracted and 

analyzed using the sRGB, HSB and L*a*b* color spaces and the classification performance 

of three color sets of features were compared using discriminant analysis as selection 

criteria: (1) color data extracted from the full image of the bananas (full-set); (2) color data 

from the background of the bananas free of spots (BFS); and (3) combination of color data 
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extracted separately from the BFS and brown spots of the banana (combined-set). Results 

showed that the three evaluated sets were able to correctly predict with more than 94% of 

accuracy the ripening stages of bananas. However, the combined-set was able to predict 

more accurately the ripening stages of bananas (98%). The inclusion of color features from 

images of brown spots improves the resolution of the classification performance, and in 

particular, for stages 4 and 5 which showed more prediction errors in all evaluated sets. 

The comparison of relations hips between the selected features in each set demonstrated 

that the average values of L* and a* color scales and variance of a* color scale, in all the 

sets, presented the highest discriminating power as indicators of banana ripeness and the 

agreement with the visual assessment. Computer vision shows to be a promising as a non-

destructive technique for online prediction of the ripening stages of bananas.    

Similarly, images of 72 commercial potato chips were evaluated using various color 

coordinates systems (L*a*b*, HSV, and gray scale) and textural image features (energy, 

entropy, contrast, and homogeneity) to characterize and classify the quality appearance, 

and to model the quality preferences of a group of consumers. Features derived from the 

image texture contained better information than color features to discriminate both the 

quality categories of chips and consumer preferences. Entropy of a* and V, and energy of 

b* showed the best correspondence with the four proposed appearance quality groups, 

giving classification rates of 84.7% for training data and 83.3% for validation data when 

discriminant analysis was used as a selection criterion. However, textural features alone 

were not sufficient to correctly predict ‘chips with natural defects’ due to their high color 

variability. Consumer preferences showed that in spite of the ‘moderate’ agreement among 

raters (Kappa-value=0.51), textural features also have potential to model consumer 

behavior in terms of potato chips visual preferences. A stepwise logistic regression model 

was able to explain 82.2% of the variability in preferences when classified into acceptable 

and non-acceptable categories. 

Finally, general results of this research show that using calibrated image capture devices 

with equipment that is readily available at a reasonable cost, permits measurements related 

to a wide range of visual properties significant to the consumer. Computer vision systems 
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seem to be a good alternative to objectively quantify standard color and other appearance 

features of any food without destruction of the sample. In addition, they can be 

implemented for online quality control applications. 

 

 

Members of the Doctoral Thesis Committee: 

JOSÉ MIGUEL AGUILERA R. 

PEDRO BOUCHÓN A. 

PETR DEJMEK 

DOMINGO MERY Q. 

FRANCO PEDRESCHI P.  
   
JOSÉ FRANCISCO MUÑOZ P. 

 
 
Santiago, August, 2005 
 



xvii  

PONTIFICIA UNIVERSIDAD CATOLICA DE CHILE 

ESCUELA DE INGENIERIA 
DEPARTAMENTO DE INGENIERIA QUIMICA Y BIOPROCES OS 
 

 
CARACTERIZACION DE APARIENCIA Y COLOR EN LA SUPERFICIE 
DE ALGUNAS FRUTAS Y VEGETALES POR ANALISIS DE IMAGENES  

 
Tesis enviada a la Dirección de Investigación y Postgrado en cumplimiento parcial de 

los requisitos para el grado de Doctor en Ciencias de la Ingeniería. 
 

FERNANDO A. MENDOZA VILCARROMERO 
 
 

RESUMEN 

El color es considerado visualmente uno de los parámetros más importantes en la 

definición de la calidad de cualquier alimento, y su valoración siempre ha sido crucial y 

tema de preocupación en la industria de alimentos así como en investigación y desarrollo 

de alimentos. El uso eficiente de técnicas de visión por computadora para la evaluación del 

color y la calidad de alimentos requiere de una técnica de calibración de color absoluta 

basada en un formato de intercambio común para datos de color, así como de un 

conocimiento de las características de la imagen que mejor podrían correlacionar con la 

calidad del producto. 

El objetivo principal de esta investigación fue implementar un sistema de visión por 

computadora (CVS) empleando fotografía digital y técnicas de análisis de imágenes para la 

medición de color de superficies de alimentos y para ser empleado en el control de la 

calidad de plátanos y papas ‘chips’ durante almacenamiento y producción, 

respectivamente. 

Para lograr este objetivo, un primer paso fue la implementación y calibración de un CVS 

independiente del dispositivo de captura (CDC, Color Digital Camera) basado en un 

procedimiento de intercambio común para la medición de color estándar de acuerdo al 
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sistema CIE. Asimismo, la sensibilidad del CVS a las medidas de color debido a cambios 

en las condiciones de captura empleando las coordenadas L*a*b*, y la capacidad de los 

espacios de color sRGB, HSV y L*a*b* para mediciones de color en superficies curvadas 

fueron evaluados y analizados críticamente. 

Los resultados mostraron que el estándar sRGB para las sensibilidades espectrales de 

imágenes capturadas por dispositivos simples, adoptado por la International 

Electrotechnical Commission (IEC,1999), fue eficiente para definir un mapa entre las 

señales R'G'B' de la CDC y un sistema de color dispositivo- independiente tal como el 

sistema CIE XYZ. Sin embargo, las mediciones de color promedio fueron 

significativamente afectadas por las propiedades de color del fondo del CVS, así como por 

el grado de curvatura y brillo de la superficie de la muestra. Análisis del perfil de color en 

muestras con superficies curvadas demostraron que el sistema de color L*a*b* es menos 

afectado por el grado de curvatura, sombras y brillo de la superficie en comparación con 

los sistemas de color RGB y HSV ; y por lo tanto, el modelo L*a*b* es sugerido como el 

espacio de color más adecuado para la cuantificación de color en alimentos.  

Aplicaciones del CVS empleando técnicas de análisis de imágenes para la identificación de 

las etapas de madurez de plátanos de buena-calidad (almacenados en condiciones óptimas,  

T=20°C y HR=90%) basado en color, desarrollo de pintas pardas e información de textura 

de la imagen, demostraron que a pesar de las variaciones en los datos de color y apariencia, 

un simple análisis discriminante para la identificación de las etapas de maduración de 

plátanos es tan buena como la percepción visual de un profesional. En este estudio, la 

capacidad discriminante de nueve características de apariencia (L*, a*, b*; porcentaje de 

área parda (%BSA);  número de manchas pardas por cm2 (NBS/cm2); y características de 

textura de imagen: homogeneidad, contraste, correlación y entropía ) extractadas de 49 

imágenes de bananas fueron evaluadas con propósitos de clasificación. Usando las 

coordenadas de color L*, a*, b*, %BSA y contraste fue posible clasificar 49 muestras de 

bananas en sus 7 etapas de madurez con una exactitud del 98%.  
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Posteriormente, un algoritmo de visión por computadora basado únicamente en los valores 

de píxel promedio (µ) y variancia de los histogramas (σ) fue implementado para predecir 

las 7 etapas de maduración de bananas almacenadas en condiciones comerciales y 

previamente clasificadas por inspección visual profesional. En este caso, fueron 

comparadas la capacidad discriminante de tres diferentes grupos de características de color 

extractadas de 140 bananas : (1) información de color de la imagen total de las bananas 

(full-set); (2)  información de color del fondo amarillo de las bananas libres de manchas 

pardas (BFS); y (3) la combinación de datos de color del BFS y de las manchas pardas de 

la banana extractadas independientemente (combined-set). Los resultados mostraron que 

los tres grupos de características fueron capaces de predecir correctamente con más del 

94% de exactitud las siete etapas de madurez de las 140 bananas. Sin embargo, las 

características seleccionadas usando BFS en combinación con las provenientes de 

imágenes de manchas pardas (combined-set) fueron capaces de predecir con mayor 

exactitud las etapas de maduración de bananas (98%). La inclusión de las características de 

color de las manchas pardas en bananas mejora la resolución de la clasificación, y en 

particular, entre las etapas 4 y 5 cuales mostraron los mayores errores de predicción en 

todos los grupos evaluados. Las relaciones entre las características de color seleccionadas 

en cada grupo evaluado (set) demostraron que los valores promedio de las escalas de color 

L* y a* y variancia de a*, en todos los grupos, presentaron el más alto poder discriminante 

como indicadores de la madurez de bananas en relación con la evaluación humana. Visión 

por computadora se muestra como una técnica prometedora no destructiva para la 

predicción de las etapas de madurez de bananas en procesos de control de calidad en línea. 

Similarmente, 72 imágenes de papas ‘chips’ comerciales fueron evaluadas usando varios 

sistemas de coordenadas de color (L*a*b* ; HSV y escala de grises) y características de 

textura de imagen (energía , entropía, contraste y homogeneidad) con la finalidad de 

caracterizar y clasificar la apariencia, así como también modelar las preferencias de calidad 

de un grupo de consumidores. Las características derivadas de la  textura de imagen 

mostraron mayor potencial que las características de color para diferenciar categorías de 

calidad de ‘chips’ y preferencias de consumidores. Entropía de a* y V, y energía de b*  
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mostraron la mejor correspondencia con los cuatro grupos de apariencia de calidad 

propuestos. Usando análisis discriminante como criterio de selección, los ratios de 

clasificación fueron de 84.7% para datos de ‘entrenamiento del clasificador’ y 83.3% para 

datos de ‘validación’. Sin embargo, las características texturales por sí solas no fueron 

suficientes para predecir correctamente ‘chips con defectos naturales’ debido a la alta 

variabilidad del color en estas muestras. Preferencias del consumidor mostraron que a 

pesar del ‘moderado’ acuerdo entre panelistas (Kappa-value=0.51), las características 

texturales también tienen potencial para modelar el comportamiento de los consumidores 

en términos de las preferencias visuales. Un modelo de regresión logística fue satisfactorio 

para explicar el 82.2% de la variabilidad en preferencias cuando los ‘chips’ fueron 

clasificados en las categorías aceptables y no-aceptables.  

Finalmente, los resultados de esta investigación muestran que el uso de dispositivos 

calibrados de captura de imá genes, y cuales son diseñados con componentes disponibles a 

un costo razonable, permiten mediciones estrechamente relacionadas con la amplia gama 

de propiedades visuales significantes para el consumidor. Los sistemas de visión de 

computadora demuestran ser una buena alternativa para objetivamente cuantificar color y 

características de apariencia de cualquier alimento sin destrucción de la muestra. Además, 

ellos pueden ser implementados para aplicaciones de control de calidad de alimentos en 

tiempo real. 
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I. INTRODUCTION AND OBJECTIVES  

The visual appearance of foods is a major factor in their perceived quality by consumers. 

Consumer’s first impression frequently determines the acceptance or rejection of foods, 

even before they enter the mouth. In general, total appearance of an object consists of 

visual structure, color, gloss, translucency and their patterns, and surface texture. Human 

perception incorporates all of the above along with physiological and psychological events, 

when selectively judging the appearance of a product. Properties that may promote 

changes of color, changes of surface texture and level of gloss shape a person’s opinion.  

Among these different classes of physical properties of foods and foodstuffs, color is 

visually considered the most important attribute in the perception of product quality. 

Specifically, in agricultural produce color serves as an instant indicator of good or bad 

quality. Consumers tend to associate color with flavor, safety, storage time, nutrition and 

level of satisfaction due to the fact that it correlates well with physical, chemical and 

sensorial evaluations of product quality. In addition, color is used in the development of 

storage techniques. Maintaining an appealing appearance throughout the duration of shelf 

life by devising a strategy which can reduce color deterioration during storage is a major 

goal. Besides, color provides a buying criterion in the purchase of raw materials or semi-

fabricated products. In this case, color not only provides an indication of the original 

product quality, but also of the efficiency of the manufacturing process. The need to 

measure color of foods also arises from the increased regulatory activity and heightened 

consumer concerns about safety.  

Despite the importance of color, visual inspection is still routinely used to assign grades or 

quality labels to a number of food commodities. Sometimes the task is assisted by 

colorimetric and spectrophotometric techniques, which are designed for flat, opaque, 

evenly colored materials such as paints, plastics and textiles. These techniques can only  be 

used for checking the conformity of a small number of samples. In addition, these 

techniques are usually destructive and inherently unsuitable to measure color and color 

patterns in whole foods because of their low spatial resolution.  
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Alternatively, rapid advances in hardware and software for digital image processing have  

motivated several studies on the development of computer vision systems (CVS) to 

evaluate quality of diverse raw and processed foods. Color imaging analysis not only 

offers a methodology for specification of uneven coloration but it can also be applied to the 

specification of other attributes of total appearance. Computer vision systems are also 

recognized as the integrated use of devices for non-contact optical sensing, and computing 

and decision processes to receive and interpret automatically an image of a real scene. The 

technology aims to replace human vision by electronically perceiving and understanding 

an image.  

Image processing and image analysis are the core of computer vision with numerous 

algorithms and methods capable of objectively measuring and assessing the appearance 

quality of several agricultural products. In image analysis for food products, color is an 

influential attribute and powerful descriptor that often simplifies object extraction and 

identification from an image and that can be used to quantify the color distribution of non-

homogeneous samples. 

The color measured by a computer vision is dependent on both the intensity and the 

spectral distribution of the illuminant light, and the sensitivity of the detector used. The 

color signals generated by a CCD camera which is frequently used in these acquisition 

systems are device-dependent and their response characteristics are not identical to the CIE 

(Commission Internationale de I’Eclairage) color matching functions. Since the CCD 

sensors in general do not have the same spectral sensitivities or gamut of colors as the CIE 

standard observer, color information cannot be easily transferred and reproduced among 

users of the technology. Therefore, for a high- fidelity cross-media color reproduction in 

calibrated computer monitors and absolute color measurements, the camera RGB signals 

and CIE color spaces need to be correlated on the basis of a common interchange format. 

It is not less important that a faithful color reproduction of the original scene is obtained in 

different calibrated computer monitors, even in applications where only color 

measurements are the final output. The modern food business is global and such visual link 

communication perhaps between grower, processor and traders in different parts of the 
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world could facilitate optimal crop monitoring, product development, quality control and 

selection of food products. 

Computer vision has been applied for measuring color in a wide number of food materials. 

However, the procedure used for color calibration of these acquisition systems has been 

restricted. Also, commercial vision systems are currently available for a variety of 

industrial applications, and they are specially recommended for color assessment in 

samples with curved and irregular shapes on the surface. But, the effects of these physical 

properties and how they are suppressed for objective measurements are not frequently 

known. The knowledge of these effects, such as the variations of L*, a*, and b*, for 

particular shapes of the same sample, is essential for a better understanding of color 

variations in foods. This information could be useful to develop correction algorithms for 

image processing that can permit a better correlation between evaluations of product 

quality by CVS and by human vision.  

The main objective of this investigation was to implement a CVS for foods using digital 

photography and image analysis techniques to measure color in food surfaces and to be 

used in the quality control of bananas and potato chips during storage and production, 

respectively. 

The specific objectives of this research were: 

i) To implement a CVS for device independent color reproduction and color 

measurement according to the CIE system and using the colorimetric definitions and 

transformations proposed by International Electrotechnical Commission (IEC 61966-

1). 

ii) To assess the effect of changes in the setting capture conditions of the CVS on L*a*b* 

color space and to assess the sensitivity of the RGB, L*a*b*, and HSV color spaces to 

represent the color in curved surfaces such as bananas and red pepper. 

iii) To characterize and predict the ripening stages of bananas using CVS based on color, 

textural features, and development of brown spots from samples previously classified 

by expert visual inspection. 
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iv) To characterize and to classify four quality categories of commercial potato chips using 

CVS based on L*a*b*, HSV and gray scale intensities and their image texture 

information, and to assess the capability of these extracted features to characterize and 

to model the preferences for potato chip of a group of consumers. 

The hypotheses of this work were: 

i) The sRGB standard adopted by the International Electrotechnical Commission (IEC) 

as IEC 61966-2-1 is able to define the mapping between R’G’B’ signals from the CCD 

and a device- independent system such as CIE XYZ  in simple CVS, such as those 

developed in this investigation. 

ii) External attributes such as color, surface color texture, and natural brown spots 

developed during ripening of bananas or after processing of potato chips from one side 

of these foods can give representative information to characterize the overall surface 

appearance of the samples. 

iii) Digital color imaging analysis is able to differentiate using a simple discriminant 

analysis as the classification criterion the quality appearances in foods with irregular 

shapes and non-homogeneous color surfaces. 

In order to test these hypotheses, this thesis has been divided in four independent sections. 

They correspond to scientific publications submitted to international journals and 

proceedings of international meetings. 

Thus, Chapter II describes a procedure using digital photography and image analysis 

methods for the absolute measurement of color which can be easily reproducible and 

transferable among different users on the basis of a common interchange format. The 

influence on these absolute color measurements due to changes in the setting capture 

conditions of the system and curvature degree of samples, having bananas and red pepper 

as food models, was also investigated.  

The use of computer vision techniques for quality assessment of agricultural and food 

products require a knowledge of which features from an image can be best correlated with 
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product quality. Chapter III attempted to identify the seven ripening stages of 49 good 

quality bananas based on color, development of brown spots and image texture information 

extracted from the peel. Correlations of color measurements between CVS and HunterLab 

colorimeter and correlations between the extracted features from the images and chemical 

and sensorial parameters were also determined. For this particular investigation, a 

calibrated CVS using a more sensible CCD camera and with a different arrange ment of 

illuminants was implemented. 

The previous study considered bananas sto red in optimal conditions leading to natural 

color changes and development of brown spots during ripening. Chapter IV was devoted to 

develop a simpler computer vision algorithm to predict the seven ripening stages on 

bananas based on 140 banana fingers stored under commercial conditions and previously 

graded by professional visual inspection. 

Finally, in Chapter V, the images of 72 commercial potato chips were evaluated for 

various color and image textural features to characterize and classify the appearanc e and to 

model the quality preferences of a group of consumers. 
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II. CALIBRATED COLOR MEASUREMENTS OF FOODS USING 

IMAGE ANALYSIS 

II.1 Introduction 

Color is considered a fundamental physical property of agriculture products and 

foodstuffs, since it has been widely demonstrated that it correlates well with other 

physical, chemical and sensorial indicators of product quality. In fact, color plays a 

major role in the assessment of appearance quality in food industries and food 

engineering research (Segnini et al., 1999; Abdullah et al., 2003; Mendoza and 

Aguilera, 2004). 

Color is specified by the spectral distributions of three elements: the light source, the 

reflected light from the sample and the visual sensitivity of observer. Each of these 

was defined by the Commission Internationale de I’Eclairage (CIE) in 1931, aimed 

at simulating the visual mechanism based on a set of primaries (R, G, B) and color-

matching functions (CIE, 1986). The matching functions for the standard observer 

are defined so that the individual spectra of primaries can be used to compute the 

perceived brightness or luminance of a measured color according to Grassman’s 

additive law, and using an artificial triplet of ‘primary lights’ X, Y and Z. Thus, any 

color can be described by a combination of these values, being lightness specified by 

the Y primary along (Hunt, 1991). 

However, the observed light intensity of a given object depends on both the intensity 

and the spectral distribution of the illuminating light, and the spectral distribution of 

the object reflectivity. Consequently, CIE also defined spectral properties of several 

standard illuminants which are specified by their color temperatures. The most 

common one is standard illuminant D65, corresponding to the radiation of a black 

body at 6500 K, which is intended to represent average daylight (Hunt, 1991). Later 

in 1976, CIE specified two more human related and less illumination-dependent 

measures of color, namely, the commonly used L*a*b* or CIELAB and L*u*v* or 



7 

  

CIELUV (Robertson, 1976). L*, a*, and b* values are calculated from XYZ values of 

a colored object under a given illuminant and XYZ values of a reference white object 

under the same illuminant. The L*a*b* color description is perceptionally more 

uniform than the XYZ  and is therefore, more suitable for direct comparison with 

sensory data (Hunt, 1991).  

In the assessment of food color, the advent of new technologies in recent years mean 

allow that such measurements which were previously plausible via human senses, 

can now readily be made instrumentally. Conventional color specification 

instruments (such as colorimeters and spectrophotometers) are one of the 

instrumental tools which usually provide readings in RGB, XYZ and L*a*b* color 

space. Although they are suitable for use with food materials, they are inherently 

unsuitable for the color and color uniformity measurements of many whole foods 

(Hutchings et al., 2002).  

Alternatively, computer vision systems (CVS), a nondestructive method, offering 

objective measures for color and other physical factors were developed in response to 

the low spatial resolution of the conventional instrumental techniques. The 

advantages with respect to the traditional techniques have been illustrated in many 

investigations (Shahin and Symons, 2001, 2003; Chen et al., 2002; O’Sullivan et al. , 

2003; Yam and Papadakis, 2004). Basically, a CVS consists of a digital or video 

camera for image acquisition, standard settings illuminants, and a computer software 

for image analysis (Papadakis et al., 2000; Brosnan and Sun, 2004). 

CVS has found many applications in academic research and the food industries, 

ranging from a simple quality evaluation of foods to a complicated robot guidance 

application (Abdullah et al., 2000). In the last decade, this technique has been 

successfully used in color measurement analysis and quality inspection of a great 

variety of foods, including product classification or grading based on surface feature 

detection and defect finding. The use of computer vision technology for food analysis 

was recently reviewed by Brosnan and Sun (2002, 2003), and Du and Sun (2004). 
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Digital and video cameras are powerful tools for image acquisition and color studies. 

However, there are some issues that are important to consider for a high- fidelity 

cross-media color reproduction and color measurements. The majority of color 

digital still cameras being used for technical applications employ a single array of 

transistors on a CCD chip, with a filter array that allows some detectors for red (R), 

some green (G) and some blue (B) and, whose relative intensities could be manually 

or automatically adjusted by a function called ‘white balance’. Such cameras devote 

half of the transistors to green sensitivity, and one quarter each to red and blue, 

emulating human vision which is most sensitive in the green portion of the spectrum. 

Thus, a digital color image is represented in RGB form with three components per 

pixel in the range 0 to 255 and conventionally stored using eight bits per color 

component. The three signals are nonlinearly transformed and electronically 

combined to produce a digital color picture (Russ, 2005).  

Consequently, it is obvious that RGB signals generated by a CCD are device-

dependent, i.e., each camera has its own different color sensor characteristics and 

produce different RGB responses for the same image when it is displayed through 

graphic card of a standard monitor (Segnini et al., 1999; Hutchings et al., 2002). For 

grayscale imaging this may not be too serious, but for color it can be, especially 

where colorimetric precision is important. Moreover, contributing to disagreement 

will be the fact that the CCD response characteristics are not identical to the CIE 

color matching functions, since the CCD sensors in general do not have the same 

spectral sensitivities or gamut of colors as the CIE standard observer.  

Another important issue to consider in color reproduction and color measurements is 

gamma. CRT displays, as used in computer monitors and television sets, are 

inherently nonlinear; meaning that the intensity of light reproduced at the screen of a 

CRT display is not proportional to its voltage input. To achieve adequate 

performance with eight bits per color component these CRT displays require 

nonlinear coding (Poynton, 1998). The nonlinearity of a CRT is very nearly the 

inverse of the lightness sensitivity of human vision, and consequently, the image 

display on a standard computer monitor is appreciated as the original image. In 
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addition, the balance of power in CRT’s among the three electron beams – the white 

point – determines the color assigned to white. These parameters are different for 

different monitors, and color reproduction is not predictable without control of these 

parameters (Sangwine, 2000). In practice, this nonlinearity is usually corrected for in 

the conversion algorithm by a power law correction, which exponent is called gamma 

and has usually values in the range of 2.3 to 2.6 (Poynton, 1996). Although the vast 

majority of computer monitors in use today has shown the average CRT gamma to be 

indeed 2.2 with a standard deviation of about 0.2, when the black level offset and the 

gain of the CRT are optimally set (Stokes et al., 1996). CRT hardware will thus 

automatically decode image pixels that have been encoded by raising them to the 

power 1/2.2. This property is exploited in video encoding systems. The main purpose 

of gamma correction is to code the luminance into a perceptually uniform domain, so 

as to obtain the best perceptual performance from a limited number of bits in each of 

R’, G’, and B’ color component (the prime symbols denote the nonlinearity).  

Therefore, in order to measure an object in terms of device independent color from a 

digital camera and CRT display, there is a need to correlate the camera R’G’B’ 

signals and CIE XYZ tristimulus values. This is known as camera characterization. 

The most common technique for digital camera characterization consists of 

presenting the camera with a series of color patches in a standardized reference chart 

with known XYZ  values and recording the averaged RGB signals for each patch. 

Polynomial fitting techniques can then be applied to interpolate the data over the full 

range and to generate inverse transformations (Hutchings  et al., 2002). However, the 

basic problem is how to produce an image that is in some sense equivalent to the 

original on different devices with out needing to define separate transformation for 

each pair of light source and target device, and whose color information can be easily 

transferable and reproduced between different laboratories or industries on the basis 

of a common interchange format. 

sRGB (Standard RGB) is an international color standard defined by the International 

Electrotechnical Commission (IEC) as IEC 61966-2-1 (1999). It aims to be an 80% 

solution for common problems in color management. The standard defines a virtual 
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display based on a typical CRT color gamut including phosphor characteristics, a 

white point and the maximum luminance of the display, and a single linear 

transformation which defines approximately the mapping between R’G’B’ signals 

from the CDC and a device- independent system such as CIE XYZ (Stokes et al. , 

1996). The use of the color space sRGB is consistent with but is a more tightly 

defined derivative of Rec. ITU-R BT.709-5 (2002) as the standard color space for the 

OS’s and the Internet. It has been adopted by a wide range of applications, including 

Adobe Photoshop, JASC Paintshop, and is the default color space for Microsoft 

Windows color management and for many desktop printers (Gondek, 2000). 

The objectives of this study were: (i) to implement a computerized image analysis 

technique to quantify standard color according to the CIE system based on the sRGB 

standard; (ii) to assess the effect of changes in the more used setting capture 

conditions of the CVS on L*a*b* color space, and (3) to critically assess the 

sensitivity of the RGB, L*a*b* and HSV color spaces to represent the color in curved 

surfaces such as bananas and red pepper. 

 

II.2 Materials and methods  

II.2.1 Fruit samples 

Bananas (Musa cavendish) at the ripening stage 1 (green), 6 (all yellow), and 7 

(yellow, flecked with brown) and a red pepper (Capsicum frutescens) with only slight 

defects were selected from a commercial distributor in Sweden. 

II.2.2 Conventional colorimeter 

A colorimeter, Dr. Lange Micro Colour (Dr. Lange, Germany), was used as standard 

color for the calibration of the computer vision system since this instrument readout 

can be set to any CIE units. Its technical characteristics are: 10° for the normal 
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observer, D65 as the standard illuminant, and a measuring surface of 5 mm². The 

white reference used was according to DIN 5033 (white reference model Weiß –

Standard LZM 076), and its reference values were Xn=78.2, Yn=83.1, and Zn=89.9. 

II.2.3 Computer vision system (CVS) 

The CVS (Fig. 2-1) cons isted of the following elements: 

(i) Lighting system. Samples were illuminated using two parallel lamps (with two 

fluorescents tubes by lamp, TL-D Deluxe, Natural Daylight, 18W/965, Philips, USA) 

with a color temperature of 6500 K (D65, standard light source commonly used in 

food research) and a color-rendering index (Ra) close to 95%. Both lamps (60 cm 

long) were situated 35 cm above the sample and at an angle of 45º with the sample. 

Additionally, light diffusers covering each lamp and electronic ballast assured a 

uniform illumination system. 

(ii) Digital camera and image acquisition. A Color Digital Camera (CDC), model 

PowerShot A70 (Canon, USA) was located vertically over the background at a 

distance of 30 cm. The angle between the camera lens and the lighting source axis 

was approximately 45º, since the diffuse reflections responsible for the color occurs 

to this angle from the incident light (Francis and Clydesdale, 1975). Also, 

considering that ambient illumination is very critical for reproducible imaging 

(Shahin and Symons 2001), sample illuminators and the CDC were covered with a 

black cloth to avoid the external light and reflections. As standard capture conditions, 

images were taken on a matte black background and using the following camera 

settings : manual mode with the lens aperture at f=4.5 and speed 1/125, no zoom, no 

flash, intermediate resolution of the CDC (1024 x 768) pixels, and storage in JPEG 

format. The white balance of the camera was set using the same white reference of 

the colorimeter (Dr Lange, Germany). The camera was connected to the USB port of 

a PC (Pentium 4, Intel®, 2.8 GHZ, 512MB RAM, 60 GB hard disk from Dell 

Computer Corporation, USA) provided with a Remote Capture Software (version 
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2.7.0, Canon, USA) to visualize and acquire the digitalized images directly from the 

computer. 

(iii) Image processing. All the algorithms for preprocessing of full images, 

segmentation from the background, and color analysis were written in MATLAB 6.5 

(The MathWorks, Inc., USA). 

 

 

 

 

 

 

Figure 2-1: Computer vision system 

II.2.4 Calibration of the CVS 

The standard sRGB (IEC 61966-2-1, 1990) involves two parts: (i) the viewing 

environment parameters, which are recommended for viewing photographic images 

on monitors, and (ii) the definitions and transformations standard device space 

colorimetric which provide the necessary transforms to convert between the sRGB 

color space and the CIE XYZ color space (Stokes et al., 1996). Thus, sRGB in 

combination with the reference viewing environments can be defined from non-

uniform encoding mapping functions that is applied to all three primaries (R’, G’, B’) 

obtained from a specific capture device.  
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In this context, for the characterization of the CCD and transformation of computer 

R’G’B’ into CIE space, 125 color sheets with different hues (from white to black) 

from Pantone® Colour Formula Guide (Pantone, Inc. USA) were photographed and 

analyzed using the CVS to obtain the R’G’B’ values in the theoretical range of 0-255. 

Similarly, RGB and XYZ values of each color sheet were measured by a conventional 

colorimeter (Dr. Lange, Germany) in three equidistant points. The comparison of 

color results between CVS and conventional colorimeter using the same white 

reference allowed to characterize the CCD and to confirm the suitability of the 

standard sRGB for calibration of this particular image acquisition system. IEC 61966-

2-1 (1999) defines the transformation from floating point nonlinear R’G’B’ values to 

CIE XYZ in two steps: 

(1) The nonlinear R’G’B’ values are transformed to linear sRGB values by: 

If R’, G’, B’ = 0.04045 

92.12'÷= RsR     

92.12'÷= GsG     

92.12'÷= BsB      (2.1) 

 

else if R’, G’, B’ > 0.04045 
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 +−
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 +−
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(2) Then, using the recommended coefficients by the Rec. ITU-R BT. 709-5 (2002), 

sRGB values are converted to the CIE XYZ system by:  
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 (2.3)  

In the R’G’B’ encoding process, the power function with a gamma factor of 2.4 

includes a slight black- level offset to allow for invertability in integer math which 

closely fit a straightforward gamma 2.2 curve (Stokes et al., 1996). Therefore, 

consistency was maintained with the gamma 2.2 legacy images and the video 

industry. Also, sRGB tristimulus values less than 0.0 or greater than 1.0 were clipped 

to 0.0 and 1.0 respectively, since this gamut is large enough to encompass most 

colors that can be displayed on CRT monitors. 

II.2.5 Image segmentation  

Background was removed from the preprocessed gray scale image  using a threshold 

of 50 combined with an edge detection technique based on the Laplacian-of Gauss 

(LoG) operator (Castleman, 1996; Mery and Filbert, 2002). The gray scale image 

was obtained using the command ‘rgb2gray’ of Matlab. The LoG-operator involved 

a Gaussian lowpass filter with mask size [3 3] and sigma 0.5, which permits pre-

smoothing of noisy images. This segmented image is a binary image, where ‘0’ 

(black) and ‘1’ (white) mean background and object respectively. So, from this 

binary image, the localization of the pixels into the interest region permitted to 

extract from the original image the true color image of the sample.1 

II.2.6 Color spaces  

In food research, color is frequently represented using the L*a*b* color space since 

results closely match those of the human perception. L* is the luminance or lightness 

component that goes from 0 (black) to 100 (white), and parameters a* (from green to 

red) and b* (from blue to yellow) are the 2 chromatic components, varying from -120 

                                                 
1 Appendix A : image segmentation 
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to +120. The definition of L*a*b* is based on the intermediate system CIE XYZ  

(Rec. ITU-R BT. 709-5, 2002) which is derived from RGB, as showed in equation 3. 

Thus, L*, a*, and b* are defined as:  

16116*
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where Xn, Yn, Zn correspond to the XYZ values of a reference white chart. 

The total color difference between two colors in L*, a* and b*  coordinates may be 

evaluated as: 

( ) ( ) ( )[ ] 21222 **** baLE ab ∆+∆+∆=∆   (2.7) 

A less used color space in foods is the HSV. It is a user-oriented color system based 

on the artist’s idea of tint, shade and tone. HSV separates color into three components 

varying from 0 to 1 (when it is calculated using the function rgb2hsv  available in 

Matlab®); H (hue) distinguishes among the perceived colors, such as red, yellow, 

green and blue, S (saturation) refers to how much of the light is concentrated at each 

specific wavelength of the hue; and V (value) represents the total brightness, similar 

to L*. The computation of H, S, and V values considers the transformation from RGB 

to HSV color space according to the following expressions (Du and Sun, 2005):  

),,max( BGRV =     (2.8) 

V
BGRV

S
),,min(−

=     (2.9) 
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After segmentation of the image and transformation of computer R’, G’, and B’ into 

CIE space the color data were converted to L*a*b* and HSV color spaces. The 

average value of the pixels for each color scale in the segmented image was 

registered as the color of the samples. 

II.2.7 Sensitivity analysis of CVS on color measurements   

In order to assess the color sensitivity of the CVS in relation to the changes of the 

capture conditions and the variations of light reflections on curved surfaces, two 

experiments were carried out. In a first experiment, the effect on color measurements 

in L*a*b* color system changing the color of the background, sample orientation, 

resolution of the CCD, and zoom (focal length) from 6 bananas in ripening stage 7 

were analyzed using a two- level full factorial 24 design. The factorial experimental 

design methodology involves all possible combinations of variables which are 

established in a matrix according to their low and high levels, represented by -1 and 

+1, respectively. The levels for each evaluated variable are shown in Table II-1. They 

were chosen according to the best capture conditions range which could allow well 

defined images of varied sizes of fruits and vegetables. In this particular experiment, 

to allow a focal length of 11.3 mm (high level), so that the full image of the banana is 

covered in the field of view, the CCD was located 40 cm over the background. 

Analysis of variance and Pareto charts of effects were used to define the most 

important variables and their interactions affecting the L*, a*, and b*  color 

measurements in bananas. 
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Table II-1. Low and high levels of variables 

Variables  Low level (-) High level (+) 

Color of the background Black White 

Orientation of the sample 0° (horizontal) 90° (vertical) 

Resolution 640x480 2048x1536 

Zoom (focal length) 5.4 mm 11.3 mm 

 

In the second experiment, the effect on the color measurements in sRGB, HSV and 

L*a*b* color space and their suitability to represent color in curved surfaces using 

the images of a single yellow sheet (with homogeneous color) were analyzed and 

compared when it was flat and rolled into a cylinder with a diameter of 3.6 cm (Fig. 

2-2 a-b). For comparison, the sRGB and L*a*b* scales were normalized between 0 

and 1. The normalized values for sR, sG and sB were obtained dividing by 255 each 

pixel value and for L*, a*, and b* using the following equations (Papadakis et al. , 

2000): 

100
** LLnormalized =     (2.11) 

( )
240

120*
*

+
=

a
anormalized    (2.12) 

( )
240

120*
*

+
=

b
bnormalized    (2.13) 

Similarly, the images of bananas (green and yellow) and a red pepper were tested. 

These foods were selected since they present very homogeneous color peel in these 
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ripening stages and have a characteristic curved surface with some undulations as in 

red pepper (Fig. 2-2 c-e).  

 

Fig. 2-2. Segmented regions used in the color profile analysis. (a) Flat yellow sheet, 

(b) rolled yellow sheet, (c) banana in ripening stage 5, (d) banana in ripening stage 1, 

and (e) red pepper. 

 

For analysis, the profile for each color scale was constructed using the average values 

of the pixels in the longitudinal direction of the segmented image and its angular 

positions varying from -90° to 90°, as shown for the rolled paper in Fig. 2-3. The 0° 

was defined by the equidistant longitudinal line to the edges of the segmented image. 

The color line profile was estimated from the smoothed pixel values for each color 

scale by using the function 'smooth' which is implemented in Matlab and uses a 5-

point moving average method. To avoid the borders in the yellow sheet and non 

homogeneous color regions in bananas (such as brown spots), with exception of the 

red pepper, the extremes of the segmented images were clipped in 5% for flat and 

rolled yellow sheets and in 15% for bananas as shown in Fig 2-2. 

(a)
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Fig. 2-3. Schematic representation of the color profile analysis for rolled yellow 

paper. 

II.2.8 Statistical analysis  

Statistical evaluations of the different experiments were done using Statgraphics Plus 

for Windows software, Version 5.1 (Manugistic, Inc., Rockville, MD, USA). 

Methods applied were simple regression analysis, analysis of variance and factorial 

experimental design with 95% confidence level. 

 

II.3 Results and discussion 

II.3.1 Calibration of the CVS: Transformation of computer R’G’B’ into 

CIE XYZ space 

Computer vision has been applied for measuring color in a wide number of food 

materials; however, procedures used for color calibration for image acquisition 

systems have been limited. The main problem is when color measurements are 

required for reproduction and comparison among different laboratories or industries, 
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or even within the same laboratory at different times. A calibrated color imaging 

system must be designed to give objective and reproducible color information of an 

object any time, based on the color matching functions of the CIE standard observer. 

It must be realized that the X, Y, and Z values depend upon the measurement 

geometry, illuminant and observer; and therefore, the computed L*, a* and b*  values 

will be only considered device- independent parameters when the white balance for 

particular setting conditions of the image acquisition system (Xn, Yn, and Zn) has been 

used in the transformation from XYZ to L*a*b*. If any of these parameters are 

changed, the tristimulus values will change. As is shown above, CIE colorimetric 

provides the basis for sRGB encoding of the color as an alternative for standard color 

reproduction. 

Figure 2-4a shows the plot of the R’G’B’ values acquired by CVS against their 

corresponding RGB values measured by colorimeter on the 125 Pantone® color 

sheets. The results clearly showed the non- linear relationship among RGB values that 

is typical of many devices, meaning that the expected gamma correction needs to be 

applied to each of the tristimulus values. 

Figure 2-4b shows that using the recommended IEC transfer functions (Eqs. 2.1-2.3), 

which considered a gamma value equal to 2.4, a clear linear relationship is obtained 

with a reasonable fit between CIE XYZ values from the CVS and XYZ values from 

the colorimeter, giving correlation coefficients (R2) higher than 0.97 for all the 

regressions. Furthermore, the quantization of the L*a*b* color differences (Eq. 2.4) 

among colorimeter and CVS revealed that the worst was for the cyan color hues with 

? E*ab= 12. Thus, the spectral responses of the CCD are approximately tuned to be 

the same as the color-matching functions of the CIE 1931 Standard Colorimeter 

Observer (CIE, 1986).  
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Fig. 2-4. Responses by CVS and colorimeter of the 125 Pantone® color sheets: (a) 

R’G’B’ values before to the transformation, (b) XYZ values after to the 

transformation. 
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By building on this procedure, the sRGB and CIE XYZ tristimulus values provide a 

CCD gamut characterization whose definition could be used as an intermediate step 

for the transformation of any color image in other perceptual color spaces such as 

L*a*b* and HSV. Compatibility with the recommendations of the IEC 61966-2-1 and 

ITU-R BT.709 standards for color reproduction process that are typical of the web 

are maintained. Besides, the color information can be easily processed, duplicated, 

modified or transmitted via a network among industries or research laboratories.  

It is important that a faithful color reproduction of the original scene is obtained in 

different calibrated computer monitors, even in applications where only color 

measurements are the final output. The modern food business is global and such 

visual link communication perhaps between grower, processor and traders in 

different parts of the world could facilitate optimal crop monitoring, product 

development, quality control and selection of food products. 

II.3.2 Sensitivity of CVS for color measurements 

For an objective color reproduction and comparison among samples, it is advisable 

and desirable that the setting capture conditions of the CVS are the same ones as 

there used in the  calibration process. However, some setting conditions could be 

required to change for a particular experiment, namely: (i) color of the background, 

enhancing the color contrast between the sample and background facilitating the 

image segmentation process, (ii) orientation of the sample on the background, which 

could affect the light reflections, particularly, in samples with curved surfaces, (iii) 

resolution of the CCD, using a lower quality (640x480) to diminish the processing 

time of complex images, and (iv) zoom of the lens, which is usually needed so that 

the smaller samples occupy the whole field of view. In order to determine the 

influence of these variables as well as their interactions on the color of bananas 

(yellow, flecked with brown) a two-level full factorial 24 design with six replicates 

was carried out. 
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Table II-2 resumes the experimental design matrix, the average L*, a*, and b*  values 

and standard deviation derived from each run. Also, the results of central points (CP) 

for sample orientation (45°), resolution of CCD (1024x768) and focal length (7.8 

mm) were included for comparison. Figure 2-5 shows the Pareto charts of effects for 

each color scale based on the analysis of variance. Interpretation of the Pareto charts 

leads to conclude that among the factors and interactions statistically significant 

(P<0.05), color of the background on L* and b* and resolution on a* are the factors 

with the largest effects, as revealed by the absolute effects related to these color 

scales (Figures 2-5 a-c). When the color background was changed from black to 

white, L* increased and b* decreased in +8.5 and -1.8 units of color, respectively. 

The rest of factors and interactions in all color scales were characterized by smaller 

effects than one unit of color. In general, banana images looked lighter when the 

white background was used, than on the black background. This is because the white 

background increases the light diffusivity in the system, and consequently, the light 

reflections from the sample detected by the CCD. The minimum L*  difference 

distinguishable by the human eye is about one unit (Poynton, 1996). Therefore, 

although statistically significant effects on L*, a* and b* were obtained for other 

factors and interactions, in practice applications color measurements by CVS are 

mainly affected by the color of the background. 

These results also demonstrate that the CVS has a lower special spatial cutoff 

frequency for chrominance (a* and b*) than for lightness (L*), or it can resolve finer 

changes in lightness than in chrominance. This characteristic is similar to the human 

visual perception system. Experimental results in the CP (Table II-2) confirm the 

strong dependency of L*  values when the color of the background is changed from 

black to white and the moderated stability of the CVS to changes in other factors. 

The compression of the image and resolution are considered the two major factors 

affecting the quality of the image (Russ, 2005). In this investigation all the images 

were stored in the JPEG compression format (which depends on discarding 

information that would not be perceived) because JPEG is the most popular format 

used in many imaging devices and is now recognized as a standard for image 
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exchanges. Furthermore, the time taken to process an image is directly related to both 

size and spatial resolution of the image, and this processing time is not frequently 

available in quality control and even in the Labs. For color measurements of foods, 

images can be stored in JPEG format when the compression techniques preserve all 

the relevant and important image information needed to characterize the overall color 

surface. Nevertheless, in other applications such as in microscopy and image texture 

analysis, the quality of image may play a determinant role. For research purpose, 

Yam and Papadakis (2004) have recommended a CCD with a minimum resolution of 

1600x1200 pixels and the use of non-compressed files such as TIFF format. 
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Table II-2. Experimental matrix and results of L*, a*, and b* color scales for bananas 

Experiment 

Color_Back(*) 

(A) 

Orientation 

degrees,  
(B) 

Resolution 

pixels,     
(C) 

Zoom(**) 

mm,    
(D) 

L* a* b* 

1 Black 0 640x480 5.4 71.3±1.2 -1.0±0.9 50.3±1.2 

2 White 0 640x480 5.4 79.9±0.8 -1.3±0.8 48.9±1.7 

3 Black 90 640x480 5.4 72.1±1.6 -1.1±0.9 50.5±1.5 

4 White 90 640x480 5.4 79.8±1.1 -1.1±0.9 49.1±1.4 

5 Black 0 2048x1536 5.4 71.6±0.9 -0.4±0.9 50.4±1.4 

6 White 0 2048x1536 5.4 80.6±0.9 -0.7±0.8 48.7±1.5 

7 Black 90 2048x1536 5.4 72.2±1.2 -0.4±0.9 50.5±1.4 

8 White 90 2048x1536 5.4 80.7±0.9 -0.7±0.9 48.8±1.6 

9 Black 0 640x480 11.3 72.3±1.6 -1.1±1.0 51.0±1.5 

10 White 0 640x480 11.3 80.7±1.1 -1.4±0.9 49.2±1.5 

11 Black 90 640x480 11.3 72.2±1.5 -0.9±0.9 50.7±1.4 

12 White 90 640x480 11.3 80.8±1.1 -1.2±0.9 49.1±1.8 

13 Black 0 2048x1536 11.3 72.5±1.4 -0.4±1.0 51.0±1.6 

14 White 0 2048x1536 11.3 81.0±1.0 -0.4±1.1 48.8±1.5 

15 Black 90 2048x1536 11.3 73.0±1.0 -0.3±0.9 50.6±1.2 

16 White 90 2048x1536 11.3 81.5±1.1 -0.1±0.9 48.1±1.5 

17 (CP) Black 45 1024x768 7.8 71.4±1.2 -0.4±1.0 50.9±1.4 

18 (CP) White 45 1024x768 7.8 80.1±0.9 -1.1±0.9 48.8±1.4 

*  Color_Back represents the background color of the system 

** 5.4 mm represents the focal length with out zoom 
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Fig. 2-5. Pareto charts of effects on the L*, a* and b* scales for bananas in ripening 

stage 7 (yellow, flecked with brown spots). The vertical lines define the 95% 

confidence interval, and the values in the bars represent the absolute effect when the 

factor changes from low to high level. 
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II.3.3 Effect of curved surfaces on color measurements 

Since the RGB, L*a*b* and HSV color systems do not contain the same information, 

that is to say, each one can reflect variations in color not found by the other, the 

performance of these three color spaces could be analyzed to determine their 

suitability to quantify color in curved surfaces. Figure 2-6 shows the color profile 

variation for the yellow sheet when it is flat and rolled using the normalized values 

for sRGB and L*a*b*, and for HSV color space in the range 0 to 1. Examining the 

figures (Fig. 2-6 a-c) it can be clearly seen that the color measurements are affected 

by the curvature of the surface, being the sRGB the most affected among the three 

compared color systems. Also, the L*  and V scales, which are measurements of the 

lightness, appear as the most affected by the curvature of the sample among the color 

scales of L*a*b* and HSV systems. 

It should be clear from the previous sections that image acquisition of color is 

dependent on the surface reflectance of the object and the intensity light source 

shining on it. In this context, for flat homogeneous color surfaces it would be 

expected that the directions and distribution of the reflected light intensities were 

homogeneous in any position of the sample, subsequently, giving constant color 

measurements anywhere. Thus, for the flat sheet, a constant color profile in all the 

analyzed range (from -90° to 90°) and for all color scales was observed (Fig. 2-6 a-c). 

This demonstrates that the used yellow sheet had a homogeneous color and also light 

distribution in the CVS was homogeneous, as was determined in preliminary 

experiments using a commercial colorimeter. However, for curved surfaces, the light 

reflections are affected by the extent of the radius of curvature of the surface which 

produces a complex arc of reflections and intensities that also vary along the surface 

of the sample. Some of these reflections could not be captured by the CCD. In 

addition, the effect of light reflection is dependent on the position of the light source 

relative to the surface of the sample. The incident light from each opposite lamp (at 

45° with the center of the background) could only illuminate with the same intensity, 

the frontal side of the cylinder closer to each lamp and part of their opposite side, 
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making shadows around it. The extent of the shadows is dependent on the size, shape 

and degree of curvature of the sample. Thus, for the rolled sheet, symmetric color 

differences were mainly observed for the sR, sG, sB, L* and V color scales when 

increasing the distance from the center to the edges of the cylinder. These color 

profiles were approximately constant in the range of -20° to 20° and similar to the 

average profiles obtained for the flat sheet. At higher angle modulus, the color 

profiles diminish continuously toward the lateral edges of the cylinder (-90° and 90°, 

respectively). Also, a slight disagreement in the constant range among the flat and 

rolled profiles for the sR, b* and V scales was noticed, since the surface of rolled 

sheet is closer to the illuminants with respect to the flat sheet, increasing the 

registered intensity values. 
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Fig. 2-6. Color profiles for the flat and rolled yellow sheet. (a) In sR, sG, sB scales, 

(b) in L*, a*, b* scales, and (c) in H, S, V scales. (Subscripts f and r represent flat and 

rolled sheets ).    
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The surface of fruits and vegetables are commonly curved and their topography may 

not be homogeneous. To determine the effect of these physical characteristics on the 

color and to confirm the best performance of L*a*b* and HSV in curved surfaces 

with different colors, the profiles for yellow and green bananas and red pepper were 

plotted in Figure 2-7. For analysis, it could be assumed that the extended peel of each 

fruit, which visually presented a homogeneous color distribution, should 

approximately show a constant color profile for each color scale. 

Although the shape of bananas is frequently characterized by the irregular polygonal 

surface of longitudinal planes (such as a polyhedron), for yellow and green bananas 

(Fig. 2-7 a-b), similar profiles to those found for the rolled sheet were observed. The 

L* and V  color scales confirmed the high sensitivity to the curvature of the surface, 

as did also the S scale also showed to be sensitive to the curvature of the bananas. For 

the a*, b* and H scales no color variations were observed. 

For the red pepper (Fig. 2-7c), however, all color profiles showed the effect of 

undulations on the surface, being the most affected the H scale. The irregular 

undulations of the red pepper surface not only disturbed the directions and 

distribution of the reflected light intensities, but also produced shadows on the 

surface. Another factor contributing to the color variations is the glossiness of the 

surface, which enhances the contrast among the picks and valleys of the undulations 

on the surface. The effect of gloss is clearly appreciated in the image of red pepper 

showed in Fig. 2-2e.  

These results revealed that the L*a*b* color system is less affected by the natural 

curvatures, shadows and also glossiness of these surfaces. Indeed, the L*a*b* system 

represented some psychological aspects and it looks like that is more adequate for 

human color interpretation than RGB and HSV. In fact, the HSV system is a linear 

transformation for each pixel from RGB (Eqs. 2.8-2.10) which is only a mathematical 

structure based on primary colors addition. Therefore, among the three color systems 

evaluated, L*a*b* system is recommended as the best space for color quantization in 

foods. 
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Finally, there is not capture-device and color system published in the literature 

capable for detecting all the physical properties from the surface of an object and for 

reproducing the full range of colors viewable by the human eye. In spite of it, 

calibrated color measurements and other appearance features using computer vision 

techniques have showed to closely correlate with those from the visual assessment.  

Commercial vision systems are currently available for a variety of industrial 

applications; and they are especially recommended for color assessments in samples 

with curved and irregular shapes of the surface; however, the effects of these physical 

properties and how they are suppressed for objective measurements are not 

frequently known. The knowledge of these effects, such as the variations of L*, a* , 

and b* for a particular shape of the sample, could be useful for developing image 

processing correction algorithms which can permit a better correlation among 

product quality by CVS and human vision evaluations. 
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Fig. 2-7. Color profiles expressed in L*a*b* and HSV color scales for: (a) yellow 

banana, (b) green banana, and (c) red pepper. 
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II.4 Conclusions 

There are essentially two kinds of RGB color spaces: linear and non- linear. The 

transformation from RGB to CIE XYZ or L*a*b* assumes a linear mapping from 

RGB with respect to their intensities on the display device. In this investigation, a de 

facto standard (sRGB) for the spectral sensitivities of practical recording devices 

adopted by the IEC 61966-2-1 (1999) showed to be straightforward, efficient and 

simple to implement in Matlab. The correlation coefficients for XYZ values obtained 

from calibrated CVS and colorimeter for a number of color sheets showed good color 

matching with an R2>0.97 in all regressions. Also, this transfer function guaranties 

color reproduction such as is typical in CRT’s of computer monitors, broadcast 

television and the Internet. 

A sensitivity analysis of the implemented CVS using bananas demonstrated that the 

color measurements of lightness (L* values) are significantly affected when the color 

of the background changed from the black to white. Also, color analysis in samples 

with curved surfaces reveled that the L*a*b* color model is less affected by the 

degree of curvature, shadows and glossiness of the surfaces than the RGB and HSV  

color systems, and therefore, more appropriate for color measurements of food 

surfaces. L*a*b* system shows psychological aspects and it looks like it is more 

adequate for human color interpretation. 

Finally, the CVS seems to be a good tool to quantify easily and quickly the color of 

any food using equipment that is readily available at reasonable cost.  However, color 

results from curved surfaces should be interpreted with caution. 

 

 



34 

  

II.5 References 

ABDULLAH, M.Z., AZIZ, S.A., and MOHAMED, A.M.D. (2000). Quality 

inspection of bakery products using a color-based machine vision system. Journal of 

Food Quality, 23(1), 39-50. 

ABDULLAH, M.Z., GUAN, L.C., LIM, K.C., and KARIM, A.A. (2001). The 

applications of computer vision system and tomographic radar imaging for assessing 

physical properties of food. Journal of Food Engineering, 61(1), 125-135. 

BROSNAN, T., and  SUN D.-W. (2002). Inspection and grading of agricultural and 

food products by computer vision systems – a review. Computers and Electronics in 

Agriculture 36, 193-213.  

BROSNAN, T., and SUN, D.-W. (2003). Improving quality inspection of food 

products by computer vision – a review. Journal of Food Engineering, 61(1), 3-16. 

CASTLEMAN, K. (1996). Digital Image Processing. Prentice Hall, Englewood 

Cliffs, New Jersey, pp. 667. 

CIE (1986). Colorimetry, Official recommendations of the International Commission 

on Illumination. CIE Publication No. 15.2, CIE Central Bureau, Vienna.  

CHEN, Y.-R., CHAO, K., and KIM, M.S. (2002). Machine vision technology for 

agriculture applications. Computers and Electronics in Agriculture, 36: 173-191. 

DU, C.-J., and SUN, D.-W. (2004). Recent developments in the applications of 

image processing techniques for food quality evaluation. Trends in Food Science & 

Technology, 15(5), 230-249. 

DU, C.-J., and SUN, D.-W. (2005). Comparison of three methods for classification 

of pizza topping using different colour space transformations. Journal of Food 

Engineering, 68(3), 277-287. 



35 

  

FRANCIS, F.J., and CLYDESDALE, F.M. (1975). Food colorimetry: theory and 

applications. CT: AVI Publishing, Westport.  

GONDEK, J. (2000). An extended sRGB space for high quality consumer imaging. 

Hewlett-Packard. Revision 1.01 6/20/00. Available at: http://w3.hike.te.chiba-

u.ac.jp/IEC/100/PT61966//parts/part2/ExtsRGB.PDF. Accessed Jan 2003. 

HUNT, R.W.G. (1991). Measuring of Colour. (2nd ed.). Ellis Horwood, Ltd., New 

York. 

HUTCHINGS, J., LUO, R., and JI, W. (2002). Calibrated colour imaging analysis of 

food. In D. MacDougall, Colour in Food. Woodhead Publishing. Chapter 14, pp. 

352-366. 

IEC 61966-2-1 (1999). Multimedia systems and equipment – Colour measurements 

and management – Part 2-1: Colour management – Default RGB color space – 

sRGB’. International Electrotechnical Commission, Geneva, 1999-10.  

MENDOZA, F., and AGUILERA, J.M. (2004). Application of image analysis for 

classification of ripening bananas. Journal of Food Science, 69(9), 471-477. 

MERY, D., and FILBERT, D. (2002). Classification of potential defects in 

automated inspection of aluminium casting using statistical pattern recognition. In 

Proc 8th Euro Conf on Non-Destructive Testing (ECNDT 2002). Jun 17-21, 

Barcelona, pp. 14. 

O’SULLIVAN, M.G., BYRNE, D.V., MARTENS, H., GIDSKEHAUG, L.H., 

ANDERSEN, H.J., and MARTENS, M. (2003). Evaluation of pork color: prediction 

of visual sensory quality of meat from instrumental and computer vision methods of 

color analysis. Meat Science, 65, 909-918. 

PAPADAKIS, S., ABDUL-MALEK, S., KAMDEM, R.E., and JAM, K.L. (2000). A 

versatile and inexpensive technique for measuring color of foods. Food Technology, 

54(12), 48-51. 



36 

  

POYNTON, C. (1996). A Technical Introduction to Digital Video. Chapter 6: 

Gamma. John Willey & Sons, New York, pp. 91-114. 

POYNTON, C. (1998). The rehabilitation of gamma. Available at : 

http//www.poynton.com/~poynton. Accessed Jan 2003. 

ROBERTSON, A.L. (1976). The CIE 1976 color difference formulae. Color 

Research Application, 2(1), 7-11. 

RUSS, J.C. (2005). Image Analysis of Food Microstructure. CRC Press LLC, New 

York. 

Rec. ITU-R BT. 709-5 (2002). Parameter values for the HDTV standards for 

production and international programme exchange. International 

Telecommunication Union. pp. 30. Available at: 

http://www.itu.int/publications/bookshop/index.html. Accessed Oct 2002. 

SANGWINE, S.J., (2000). Colour in image processing. Electronics & 

Communication Engineering Journal, 12(5), 211-219. 

SEGNINI, S., DEJMEK, P., and ÖSTE, R. (1999). A low cost video technique for 

color measurement of potato chips. Lebensm-Wiss u-Technol., 32, 216-222. 

SHAHIN, M.A., and SYMONS, S.J. (2001). A machine vision system for grading 

lentils. Canadian Biosystems Eng., 43, 7.7-7.14. 

STOKES, M., ANDERSON, M., CHANDRASEKAR, S., and MOTTA, R. (1996). 

A standard default color space for the internet - sRGB. Version 1.10, Nov 5, 1996. 

Available at: www.w3.org/Graphics/Color/sRGB.html. Accessed Jan 2003. 

YAM, K.L., and PAPADAKIS, S.E.  (2004). A simple digital imaging method for 

measuring and analyzing color of food surfaces. Journal of Food Engineering, 61, 

137-142. 

 



37 

  

III. CLASSIFICATION OF BANANAS DURING RIPENING USING 

IMAGE ANALYSIS 

III.1 Introduction 

Bananas are the fifth most important agriculture commodity in world trade after 

cereals, sugar, coffee and cocoa. According to FAO (2002), over 67 million metric 

tons of bana nas were produced worldwide in the year 2001. Bananas are usually 

harvested at the matured green stage and they remain firm and green without 

significant changes in peel color, texture or composition (depending on the 

temperature, humidity and age at harvest) before the commencement of ripening 

(Dadzie and Orchard, 1997). Once ripening is initiated, it is irreversible and involves 

numerous chemical changes, alterations in fruit texture, and the synthesis of volatile 

components (Drury et al., 1999). Moreover, ripening results in non-homogeneous 

peel color changes and the appearance on brown spots over the yellow background.   

Color of the peel is considered as the first quality parameter evaluated by consumers, 

and it is associated with specific tastes or uses that can determine their acceptance or 

rejection. In fact, peel color correlates well with physical and chemical changes that 

take place during the ripening of bananas, including pulp color (Wainwright and 

Hughes, 1989, 1990), pH, conversion of starch into sugar and development of flavor 

(Ramaswamy and Tung, 1989; Ward and Nussinovitch, 1996; Chen and 

Ramaswamy, 2002). The disappearance of the green color and the corresponding 

yellowing of the peel are related to the synthesis of pigments (such as carotenoids) 

and breakdown of the green pigment chlorophyll (Ammawath et al., 2001). 

In the trade, seven stages of ripening are generally determined by visual inspection, 

which relate to pigment changes in the peel of the banana: Stage 1: green; Stage 2: 

green, traces of yellow; Stage 3: more green than yellow; Stage 4: more yellow than 

green; Stage 5: green tip and yellow; Stage 6: all yellow, and Stage 7: yellow, flecked 

with brown (Li et al., 1997). Ripeness is assessed visually by comparing the color of 



38 

  

the peel to standardized color charts that describe the seven ripening stages (von 

Loesecke, 1950; Li et al., 1997) and sometimes, by instrumental techniques 

(Wainwright and Hughes, 1990). Human visual inspection is a highly subjective, 

tedious, time-consuming and labor-intensive process (Shahin and Symons, 2001; Li 

et al., 2002; Brosnan and Sun, 2002). By contrast, instrumental techniques (i.e., 

colorimeters) allow accurate and reproducible measurements of the colors not 

influenced by the observer or surroundings (Clydescale, 1978). Conventional 

colorimeters usually provide readings in XYZ, RGB and L*a*b* color spaces. 

However, their main disadvantages are that the surface color must be quite uniform 

or homogeneous (Segnini et al., 1999) and that many locations on the sample must be 

measured to obtain a representative color profile (Yam and Papadakis, 2004; 

O’Sullivan et al., 2003). In addition, in the case of bananas these techniques are 

usually destructive requiring the removal and flattening of the peel for the 

measurement. 

The tendency is to develop simple color techniques that are objective as well as non-

destructive (Dadzie and Orchard, 1997). Ward and Nussinovitch (1996) developed a 

glossmeter to measure peel gloss of bananas by image analysis. Their results 

suggested that peel gloss measurements have potential as criteria for determining 

banana ripeness. Li et al. (1997) developed an optical chlorophyll sensing system to 

detect the chlorophyll content of bananas as the fruit ripens showing a high 

correlation with other methods to assess the color of the peel (spectral analysis, 

instrumental analysis, and visual color matching). Llobet et al.  (1999) determined the 

state of ripeness of bananas by sensing the aromatic volatiles emitted by the fruit 

using an electronic artificial nose system in combination with a pattern-recognition 

engine. They found that their system had a good performance, providing 90% 

accuracy in the classification of fresh bananas.  

An interesting alternative is computerized image analysis techniques (also known as 

computer vision systems), which overcome the deficiencies of visual and 

instrumental techniques and offer an objective measure for color and other physical 

factors (Paulus and Schrevens, 1999; Shahin and Symons, 2001; Chen et al., 2002). 
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Basically, the system consists of standard illuminants, a digital or video camera for 

image acquisition and a computer software for image analysis (Basset et al., 2000; 

Papadakis et al., 2000; O’Sullivan et al., 2003, Brosnan and Sun, 2004). Most recent 

applications include classification and quality evaluation of various foods such as 

apples (Leemans et al., 2002; Li et al., 2002), chicory (Zhang et al., 2003), grains and 

seeds (Granitto et al., 2002; Shahin and Symons, 2003), Cheddar cheese (Wang and 

Sun, 2002a, 2002b, 2003), olives (Diaz et al., 2004), meats (O’Sullivan et al., 2003; 

Tan, 2004), and pizza (Sun and Brosnan, 2003a, 2003b; Yam and Papadakis, 2004). 

The objectives of this study were: (i) To implement a standardized computer vision 

system to characterize quantitatively color changes during ripening of bananas using 

the L*a*b* color space; (ii) To identify features of interest which can be related with 

ripening stages, such as, development of brown spots and textural features of the 

images, and; (iii) To analyze the features extracted from images for their 

discriminatory power and to develop a statistical model using selected features to 

identify the seven ripening stages of bananas from samples previously classified by 

expert visual inspection. 

 

III.2 Materials and methods  

III.2.1 Samples of bananas 

Good-quality bananas (Musa cavendish) of Ecuadorian origin with only slight 

defects in shape and peel color were obtained from a commercial distributor in Chile. 

In a first experiment, six hands at the ripening stage 1 (green) with 13 or 15 fingers 

by hand were stored at room temperature (18±1º C) and 90±5% relative humidity 

until used. Bananas were taken randomly from each hand and their color changes and 

development of brown spots were measured daily during 12 days. In a second 

experiment, 49 bananas from a single batch and stored similarly were visually 

selected by qualified-workers of the banana industry according to the seven ripening 
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stages (7 samples per stage). In this case, the color, brown spots and textural features 

were extracted from the banana images. In the trade, ten or more bananas growing 

together are called ‘hands’ and a single banana is called a ‘finger’.  

III.2.2 Computer vision system (CVS) 

The CVS consisted of the following elements: 

(i) Lighting system. For image acquisition samples were illuminated using four 

fluorescent lamps (Philips, TL-D Deluxe, Natural Daylight, 18W/965) with a color 

temperature of 6500 K (D65, standard light source commonly used in food research) 

and a color-rendering index (Ra) close to 95%. The four lamps (60 cm long) were 

arranged as a square, 35 cm above the sample and at an angle of 45º with the sample. 

Additionally, light diffusers covering each fluorescent lamp and electronic ballast 

assured a uniform illumination system (Fig. 3-1). 

(ii) Digital camera and image acquisition. A Color Digital Camera (CDC), model 

Coolpix 995 (Nikon, Melville, NY, USA) was located vertically over the sample at a 

distance of 22 cm. The angle between the camera lens and the lighting source axis 

was approximately 45º. Considering that ambient illumination is very critical for 

reproducible imaging (Shahin and Symons , 2001), sample illuminators and the CDC 

were placed inside a wooden box whose internal walls were painted black to avoid 

the external light and reflections. Images from one side of the bananas were taken on 

a matte black background using the following camera settings: manual mode with the 

lens aperture at f = 3.7 and speed 1/125, no zoom, no flash, manual focus (12 cm), 

maximum resolution of the CDC (2048 x 1536 pixels) and storage in JPEG format. 

The white balance of the camera was set using a standardized gray color chart with 

18% of reflectance (Neutral Test Card, Kodak, Rochester, NY, USA). The camera 

was connected to the serial port of a PC (Pentium III, 800 MHZ, 128MB RAM, 20 

GB hard disk) provided with a Remote Control Driver (photopc-3.05J23) to visualize 

and acquire the images directly from the computer.  
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(iii) Image processing. The digital images were preprocessed using a linear Gaussian 

low pass filter, which permitted pre-smoothing of noisy images improving their 

quality. All the algorithms for preprocessing of full images, color analysis, brown 

spot quantification and image texture analysis were written in MATLAB 6.5 (The 

MathWorks, Inc., Natick, MA, USA).  

 

 

Figure 3-1. Computer vision system 

 

III.2.3 Image segmentation 

Segmentation of the image from the background is a critical first step in processing 

banana images. Background was removed from the preprocessed image using a 

threshold of 50 in the grayscale combined with an edge detection technique based on 

the Laplacian-of Gauss (LoG) operator (Castleman, 1996; Mery and Filbert, 2002). 

Thus, the true image of the banana was separated from the background in the binary 

image. All banana images in their different ripening stages were processed and 

segmented using the same procedure. 
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III.2.4 Color analysis 

Typically, the RGB signals generated by a CDC are device-dependent and not 

identical to the RGB intensities of the CIE system (CIE, Commission Internationale 

de I’Eclairage). Therefore, to ensure the correct color reproduction according to the 

CIE system and International Telecommunication Union (Rec. ITU-R BT. 709-5, 

2002) a linear transform that defines a mapping between RGB signals from CDC and 

a device- independent such as CIE XYZ was previously determined (Stokes and others 

1996). After segmentation of the image, the calibrated color data in CIE XYZ were 

converted to CIELAB or L*a*b* color space. L* is the luminance or lightness 

component which goes from 0 (black) to 100 (white), and parameters a* (green to 

red), and b* (blue to yellow) are the two chromatic components, varying from –120 

to +120. The use of this system is essential since the results accurately match with 

those of human perception.  

The average value of the segmented pixels for each color scale (L*, a*, b*) was 

registered as the color of the banana. For comparison, the peels of bananas were 

removed, flattened and examined using a colorimeter HunterLab model MiniScan 

XET M 45º/0º (Hunter Associates Laboratory, Inc., Reston, VA, USA) with D65 as the 

standard illuminant, and 1.5 cm diameter opening. The CIE L*, a*, b* coordinates 

were measured in six points on the same side of the peel previously analyzed by 

CVS. 

III.2.5 Brown spot analysis 

Development of brown spots on the peel of bananas was evaluated from binarized 

images and quantified by two indexes: brown spots as a percentage of the total area 

(%BSA) and number of brown spots per cm2 of surface (NBS/cm2). Brown spots 

were identified from the a* color scale of the L*a*b* space, since this color scale 

best represented the appearance and development of brown spots during ripening. 

Images were binarized using a threshold of 130 (for a* values ranging from 0 to 



43 

  

255), so all pixels with values higher than 130 belonged to brown spots on the 

banana peel. For analysis, only spots with a diameter greater than 5 pixels (or 0.05 

cm) were considered. A scaling factor of 108.11 pixels/cm was used. Morphological 

operators of opening, erosion and dilation in MATLAB were used to 'clean up' the 

binary image. 

III.2.6 Image texture analysis 

Image texture was analyzed studying the spatial dependence of pixel values 

represented by a co-occurrence matrix Pd,? with entry Pd,?(i,j) being the relative 

frequency or distance for two pixels d-pixels apart in direction ? to have values i and 

j, respectively. For a given directional orientation and distance of the patterns, 14 

textural features can be extracted from a grayscale image using this matrix (Haralick 

et al., 1973). Since the texture of banana images can represent peel characteristics 

such as color, size and arrangement of features it may be directly or indirectly related 

to the ripening stage. Only four textural features, homogeneity, contrast, correlation 

and entropy, were extracted from images, others considered redundant for the 

purpose of this study. The segmented images were converted to grayscale and 

analyzed using the average of four directions, ? = 0, 45, 90, 135º and distance, d = 1. 

III.2.7 Chemical analysis 

The pulp of bananas for each ripening stage (7 per stage) in the second experiment 

was disintegrated in a blender and the pH was measured using a digital pH meter 

E200 (Hanna Instruments Inc., Àrbore-Vila do Conde, Portugal). Total soluble solids 

were determined in duplicate from a dilution of the blended banana puree (20°C) 

using a digital refractometer model ABBE NAR-3T (Atago CO., Ltd., Itabashi-Ku, 

Tokyo, Japan). The measurements were performed at a slightly higher temperature 

(20°C) than that of storage (18±1º C). Total soluble solids were correlated with 

parameters extracted from the banana images, since they correlate well with other 

appearance characteristics of the peel such as color and glo ss. 
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III.2.8 Classification 

Classification in image analysis is the process of reducing images to usable 

information. This means identifying the ripening stage of bananas previously 

classified by expert visual inspection using the information extracted from the 

images. To choose the best subset of features, nine parameters (L*, a*, b* scales, 

%BSA, NBS/cm2, homogeneity, contrast, correlation and entropy) were evaluated 

with three simple feature selection methods proposed in the literature (Jain et al., 

2000). The first uses the best individual features determined from a previous 

correlation analysis with chemical parameters and the visually assessed stage of 

ripening. The second, using Sequential Forward Selection (SFS), consists of 

selecting the best single feature and then adding one extra feature at a time which in 

combination with the selected features maximizes the classification performance 

(Jain et al., 2000, Mery and Filbert, 2002). Finally, the performance of all possible 

subsets, with more than three features from those previously selected by SFS, was 

compared. Discriminant analysis (implemented in Statgraphics Plus 5.1) was used as 

selection criterion. This classifier is simple, fast, fairly accurate, and it is the best 

method when the objects are known to emanate from different groups (Abdullah et 

al., 2001).  

III.2.9 Statistical analysis 

Statistical evaluations of the different experiments were done using 

STATGRAPHICS Plus for Windows software, Version 5.1 (Manugistic, Inc., 

Rockville, MD, USA). Methods applied were simple regression, analysis of variance 

and discriminant analysis with 95% confidence level. 
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III.3 Results and discussion 

III.3.1 CVS versus HunterLab colorimeter 

Figure 3-2 shows the correlation between L*, a* and b* values from samples of the 

first experiment (78 bananas) obtained with the CVS and the HunterLab colorimeter. 

An excellent correlation was found between a* values from the CVS and from the 

HunterLab (R2= 0.97, standard error= 1.74) while for L* and b* values the 

correlation coefficients were smaller (R2= 0.80 and 0.61, standard error= 3.09 and 

3.77, respectively). This difference between both color systems may be largely due to 

the fact that measurements with the colorimeter do not extend over the whole surface 

of the bananas and color changes are non-homogeneous during ripening, in particular 

at the ends of the bananas. The tips at the beginning of ripening are green, changing 

later to yellow and eventually to almost black in over ripen bananas. Therefore, with 

the CVS it is possible to assess the overall color change during ripening similar to 

human perception. These results are in agreement with those of O’Sullivan et al. 

(2003) who concluded that taking a camera picture of the entire surface of a meat 

sample provided a more representative color profile than the spot measurements of 

traditional colorimeters. 
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Figure 3-2. Correlation of color of bananas samples between CVS and HunterLab 

colorimeter in L*a*b* color space.   
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III.3.2 Color changes using CVS  

Figure 3-3 shows the L* a* b* color space when random samples were taken from 

six different hands of bananas during ripening. The storage or ripening time (days) 

had a significant effect on color data and in their variation (P<0.05) as would be 

expected. Data shows that successive and distinctive color changes in L*, a* and b*  

occurred in the first five days and in the last two days of storage. Between days 6 and 

10 the color of samples were clustered in a small region of the color space due to the 

high variability of the data. Variability in ripening rates among lots is commonly 

observed by commercial banana ripeners (Pelayo et al., 2003). Several factors can 

contribute to this variability in color such as growth conditions, maturity at harvest, 

post-harvest handling and environmental conditions during storage (Dadzie and 

Orchard, 1997). Contrary to L* and b* values, a* values increased during most of the 

storage period (increase in redness) as a result of the breakdown of chlorophyll and 

loss of green color of the peel. These results are similar to those previously reported 

by Ward and Nussinovitch (1996), who studied color changes of bananas at different 

stages of ripening using a colorimeter.  
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Figure 3-3. L*a*b* color space of six hands of bananas during ripening measured by 

CVS. 

III.3.3 Development of brown spots  

Preliminary tests were performed to calibrate the performance of the selected 

parameters (i.e., a* scale  and threshold of 130) in the identification and 

quantification of brown spots from images. Figure 3-4 shows selected images of one 

banana from stage 3 to the overripe stage, as well as color changes and development 

of spots expressed as %BSA and NBS/cm2. 
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Figure 3-4. Quantification of color changes and development of brown spots in the 

same banana during ripening at 18°C and 90% RH.  

Figure 3-5 shows changes in %BSA and NBS/cm2 during ripening of six hands of 

bananas taken randomly. Standard deviations of values of the two parameters are 

presented separately (Fig 3-5c) to avoid crowding in the figure. A steady inc rease in 

%BSA was observed after the sixth day of storage (Fig. 3-5a) resulting in final values 

ranging between 20 and 50. The NBS/cm2 showed a continuous increase from day 3 

until the ninth or tenth day of storage where it reached a peak value, and decreased 

later to final values between 6 and 19 (Fig. 3-5b). This decrease in NBS/cm2 was due 

to fusion of spots and the concomitant enlargement of their size. These results 

suggest that the appearance of brown spots became obvious (under the defined 

conditions: spot diameter>0.05cm and threshold = 130) from the fifth day onwards 

and their quantification using any of the two parameters proposed here (%BSA or 

NBS/cm2) may be used to discriminate between intermediate stages of ripening.   
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Although there is a clear trend of brown spots to peak in number and increase in area 

covered, the variability of data for samples evaluated the same day also increased 

(Fig. 3-5c). Standard deviation for %BSA data showed a continuous increment from 

the third day to the end of the storage period, reaching a value of 11.6. Standard 

deviation for NBS/cm2, however, peaked at day 9 and then decreased. Also, this 

natural variability can be increased due to mechanical damage and appearance of 

other superficial defects and, consequently, could be more difficult to classify the 

bananas in the later part of ripening stages. 
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Figure 3-5. Changes during ripening of bananas: (a) brown spots as percentage of 

total area, (b) number of brown spots/cm2, (c) standard deviation of the 

measurements of the two parameters. 
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III.3.4 Bananas by ripening stages  

In a second experiment, 49 bananas previously classified visually into ripening 

stages, were evaluated by image acquisition and image analysis. Table III-1 shows 

the linear correlation coefficients when the average values of the nine parameters 

extracted from the segmented images (L*, a*, b* scales, %BSA, NBS/cm2, 

homogeneity, contrast, correlation and entropy) for each ripening stage (seven 

banana images per stage) are compared against their corresponding chemical 

parameters (ºBrix and pH) of the pulp and visual assessed stage of ripening. Results 

suggest that parameters a*, %BSA, NBS/cm2, and contrast better depicted the 

appearance characteristics as an indicator of banana ripeness and the agreement with 

the visual assessment. Values of a* showed higher correlation coefficients which 

were highly significant (P<0.01) in all cases. Similarly, the visually assessed stage of 

ripening presented a high correlation (P<0.01) with the four parameters previously 

mentioned. Ward and Nussinovitch (1996) compared the color measurements of the 

Munsell color system and the L*, a* and  b* values from a colorimeter with ºBrix, 

pH, starch, water, and stage of ripening. Highly significant correlations (P<0.01) 

were found in all cases except for starch and water with hue, and water with a*. 

Table III-1. Linear correlation coefficients between the average values of the nine 

features extracted of the peel (average of seven bananas per stage) versus their 

corresponding chemical parameters of the pulp and visually assessed stage of 

ripening. 

 

 
 L* 

 
a* 

 
b* 

 
% BSA 

 
NBS/cm2 

Homo -
geneity 

Contrast Correla-
tion 

Entropy 

 
ºBrix 
 
  pH  
 

Stages 

 
0.327 

 
0.487 

 
0.212 

 
0.984* 

 
0.925* 

 
0.953* 

 
0.572 

 
 0.719* 

 
0.410 

 
0.645 

 
0.486 

 
  0.773* 

 
 0.780* 

 
0.620 

 
 0.880* 

 
0.216 

 
0.114 

 
0.314 

 
 0.815* 

 
 0.721 

 
 0.832* 

 
0.543 

 
0.530 

 
0.548 

 
0.446 

 
0.294 

 
0.593 

 

  * = denotes significance (P <0.01). 
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III.3.5 Classification 

Not all features extracted from images were independent or equally useful. Table III-

2 summarizes the classification performance using three different methods to select 

features and the use of discriminant analysis as the selection criterion. Selecting L* , 

a*, b*, %BSA and contrast permitted the correct classification of the 49 samples in 

different ripening stages with an accuracy of 98%. The performance of the other two 

selection methods confirmed the importance of color parameters L*, a* and b* and 

of %BSA to discriminate between ripening stages of bananas. Choosing the best 

individual features which involved a*, %BSA, NBS/cm2 and contrast was less 

correct (91.8%) than using the combinations of L*, a* and b* or L*, a*, b* and  

contrast (both with 95.5%). Also, the combinations L*, b* and %BSA or a*, b* and 

%BSA permitted a correct classification of the samples with 95.9% accuracy. 

Consequently, the combination of the four parameters L*, a*, b* and %BSA showed 

the highest performance providing 98% accuracy in the classification, which is 

similar to that provided by the SFS method which additionally included the contrast 

parameter. 
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Table III-2. Performance of classification using three different methods to select 

features 

 
 

Selection Method 

 

       Features 

 
Performance 

(%) 

Best individual features  
a*, % BSA, NBS/cm2, Contrast  

 
91.8 

 
Sequential Forward Selection (SFS) 

 
L*, a*, b*, %BSA, Contrast 

 
98.0 

 
Exhaustive search 

 
L*, a*, b* 
L*, a*, %BSA 
L*, a*, Contrast 
L*, b*, %BSA 
L*, b*, Contrast 
L*, %BSA, Contrast 
a*, b*, %BSA 
a*, b*, Contrast 
a*, %BSA, Contrast 
b*, %BSA, Contrast 
L*, a*, b*, %BSA 
L*, a*, b*, Contrast 
L*, a*, %BSA, Contrast 
L*, b*, %BSA, Contrast 
a*, b*, %BSA, Contrast 

 
95.9 
87.8 
89.8 
95.9 
85.7 
81.6 
95.9 
93.9 
85.7 
81.6 
98.0 
95.9 
87.8 
93.9 
93.9 

 

Performance (%) = percent of bananas correctly classified in seven ripening stages at the 95% 
confidence level.  

Figure 3-6 shows the result of discriminant analysis for classifying bananas by 

ripening stages using the SFS method and five selected features: L*, a*, b*,  %BSA 

and contrast. The proposed discriminant functions permitted the correct prediction of 

the ripening stages of good quality bananas at the 95% confidence level. 

Differentiation between stages 4 and 5 was not perfect due to the high variability of 

the color data and %BSA in the samples at these stages. Workers of the banana 

industry, who frequently carry out the classification task by visual inspection, 

coincided to indicate that these stages are the most difficult to discriminate. 

Therefore, computer vision system technique can simulated the human quality 

classification by discriminant functions based on simple features of appearance in the 

peel of bananas. 
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Figure 3-6. Discriminant functions used for classification of bananas 

Function 1 = -a* - 0.65 b* + 0.09 L* + 0.08 %BSA + 0.15 Contrast 
Function 2 = -0.07 a* - 1.35 b* + 0.82 L* + 0.72 %BSA + 0.48 Contrast 

 

III.4 Conclusions 

In spite of the inherent variability of banana samples the proposed computer vision 

technique has great potential to differentiate among ripening stages of bananas using 

simple features (L*, a*, b* scales, %BSA and contrast) extracted from the 

appearance of the peel. Using a simple discriminant analysis technique as 

classification criterion it was possible to identify 49 bananas in their seven ripening 

stages with an accuracy of 98%. This approach is more versatile, consistent, efficient, 

and economical for the identification of ripening stages of bananas than current 

instrumental techniques (e.g., hand-held spot colorimeters). Due to the capability of 

imaging curved surfaces it permitted identification and quantification of appearance 

features and defects without destroying the sample. Computer vision shows promise 

for on-line prediction of ripening stages of bananas. 
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The time for segmentation and extraction of features from images was approximately 

1.5 min using a Pentium III (800 MHZ, 128 MB RAM, 20 GB hard disk) type PC. 

Classification results using Statgraphics were obtained instantaneously. Effective 

application of the technique in real time would imply optimization of the algorithms 

using C++ Language, reduction of the size of captured images and use of a faster 

computer platform. 
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IV.  PREDICTING RIPENING STAGES OF BANANAS USING COLOR 

PARAMETERS 

IV.1 Introduction 

The peel color of bananas is considered as the first quality parameter evaluated by 

consumers. In fact, peel color correlates well with physical and chemical changes that 

take place during the ripening of bananas, including pulp color, pH, conversion of 

starch into sugar and development of flavor (Ward and Nussinovith, 1996). 

In the trade, seven ripening stages of bananas are generally recognized: Stage 1: 

green; Stage 2: green, traces of yellow; Stage 3: more green than yellow; Stage 4: 

more yellow than green; Stage 5: green tip and yellow; Stage 6: all yellow, and Stage 

7: yellow, flecked with brown (Li et al., 1997). Ripeness is currently visually 

assessed by comparing the color of the peel to standardized color charts that describe 

the seven ripening stages (Li et al., 1997) and sometimes, by instrumental techniques 

(Dadzie and Orchard, 1997). However, recently we have developed a computer 

vision system to predict ripening stages of 49 good quality bananas. Using the 

average values of L*, a* and b*  color scales, percentage of brown spots area, and 

contrast of the intensity pixels (as textural feature of the image) it was possible to 

identify 49 bananas in their seven ripening stages with an accuracy of 98% (Mendoza 

and Aguilera, 2004). However, this study considered bananas stored in optimal 

conditions leading to natural color changes and development of brown spots during 

ripening, and also avoiding mechanical damage that can result in bruising and 

increase the color variability of the samples.  

The objective of this study was to develop a simpler computer vision algorithm to 

predict the seven ripening stages of 140 bananas stored under commercial 

conditions and previously graded by professional visual inspection based only on 

the average pixel values and variance of the intensity histograms. The 
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classification performance of three sets of selected color features was compared 

and analyzed. 

 

IV.2 Materials and methods  

IV.2.1 Samples of bananas 

140 bananas (Musa cavendish) were obtained from a commercial distributor in 

Sweden. Twenty fingers (individual bananas) at each of the seven ripening stages 

were visually selected by expert graders from a single batch stored at room 

temperature (15±1º C) and 90±5% relative humidity. 

IV.2.2 Computer vision system (CVS) 

The CVS consisted of the following elements: 

(i) Lighting system. Samples were illuminated using two parallel fluorescent lamps 

(Philips, TL-D Deluxe, Natural Daylight, 18W/965) with a color temperature of 6500 

K and a color-rendering index (Ra) close to 95%. Both lamps (60 cm long) were 

situated 35 cm above the sample and at an angle of 45º with the sample. Additionally, 

light diffusers covering each fluorescent lamp and electronic ballast assured a 

uniform light distribution. 

(ii) Digital camera and image acquisition. A Color Digital Camera (CDC), model 

PowerShot A70 (Canon, USA) was located vertically over the sample at a distance of 

30 cm. A black cover was used over the sample illuminators and the CDC to avoid 

the external light and reflections. Images from one side of the bananas were taken on 

a matte black background using a resolution of 1024 x 768 pixels and stored in JPEG 

format. The CDC was connected to the USB port of a Pentium III PC to store and 

acquire the images directly from the computer. 
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(iii) Image processing. All the image processing algorithms for segmentation and 

color analysis were written in MATLAB 6.5 (The MathWorks, Inc). 

IV.2.3 Color calibration 

Typically, the R’G’B’  signals generated by a CDC are device-dependent and not 

identical to the RGB intensities of the CIE system (CIE, Commission Internationale 

de I’Eclairage). Therefore, to ensure the correct color reproduction a characterization 

of the CDC was previously performed. For this, 125 color sheets from Pantone® 

Colour Formula Guide (Pantone, Inc. USA) were photographed and analyzed using 

the CVS to obtain the R’G’B’ values in the theoretical range of 0-255. Similarly, 

RGB values of each color sheet were measured by a standard colorimeter Dr. Lange 

Micro Colour (Dr. Lange, Germany) with D65 as the standard illuminant. The white 

reference for the colorimeter was according to DIN 5033 (white reference model 

Weiβ–Standard LZM 076), and its reference values were Xn = 78.2, Yn = 83.1, and 

Zn = 89.9. The nonlinearity relationship of the R’G’B’ values against the RGB values 

from the standard colorimeter was corrected using the international color standard 

functions proposed by the International Electrotechnical Commission (IEC) as IEC 

61966-2-1 (1999). 

IV.2.4 Image segmentation 

Background was removed from the image in grayscale using a threshold of 50 (that 

separates in a binary image, the true image of the banana from the background) 

combined with an edge detection technique based on the Laplacian-of-Gauss (LoG) 

operator. 

Similarly, the brown spots on the peel of bananas were segmented from binarized 

images using the combination of a* and b* color scales of the CIELAB color space, 

since the combination of these two color scales best represented the appearance and 
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development of brown spots during ripening. Images were binarized using threshold 

values of a*<130 or b*>156. The segmentation process is shown in Figure 4-1. 

 

 

 

 

 

 

 

 

 

Figure 4-1. Selected images of the segmentation process: (a) original image, (b) 

detection of full banana (using a threshold value of 50), (c) segmented color image 

(full), (d) detection of brown spots from a* and b* color scales (using threshold 

values of 130 and 156, respectively), (e) segmented color background free of spots 

(BFS), (f) segmented color spots (spot). 

IV.2.5 Color analysis 

The calibrated color data in RGB were converted to HSV and CIELAB or L*a*b* 

color spaces. The average pixel values and variance of the intensity histograms were 

quantified from each color scale for three regions of interest: full image of the 

banana, background image of the banana free of spots (BFS), and brown spots image 

of the banana. In total, we measured 54 color features from each color image (18 

features per region of interest) represented by µEfull, sEfull, µEBFS , sEBFS, µEspot, and 

sEspot (where E means the corresponding color scale). 

 (a) (b) (c) 

(d) (e) (f) 
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IV.2.6 Feature selection and classification 

For classification, the discriminating power of three different sets of color features 

extracted from the 140 bananas was compared. These sets were: (1) using the color 

data from the full image of the bananas (full-set); (2) using the color data from the 

background of the bananas free of spots (background-set); and (3) combination of the 

color data extracted from the BFS and only brown spots of the banana (combined-

set). The first and second set considered 18 color features per set and the third 

considered 36 features to be used for classification. 

Selection of best features was done by simple statistical analysis (comparison of 

intra-stages fluctuations with inter-stages changes) so several features could be 

discarded as classification parameters. Ten and nine features were retained in the first 

and second sets, respectively, and 15 in the combined set. However, these sets of 

features still contained redundant, noisy or even irrelevant information for 

classification purposes. To choose the best features in each group (those with the 

largest discriminant power), the Sequential Forward Selection method (SFS) was 

used. This consists of selecting the best single feature and then adding one extra 

feature at a time, which in combination with the selected features maximizes the 

classification performance (Jain et al., 2000). Discriminant analysis implemented in 

STATGRAPHICS Plus V5.1 for Windows software was used as selection criterion. 

 

IV.3 Results and discussion 

IV.3.1 Classification performance  

Classification is the process of reducing images to usable information. This meant to 

predict the ripening stages of bananas previously classified by expert visual 

inspection using the smaller number of features extracted from the images. Table IV-

1 summarizes the final selected features and classification performance for each set. 
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Table IV-1. Selected color features and classification performance for each set 

 

   Set Selecting color features 
Performance 

(%) 
 
   Full image-set 
 
   Background-set 
 
   Combined-set 
 

 

µL*full, µa* full, sR full, s a*full 
 

µL*BFS, µa*BFS, sRBFS, s a*BFS 
 

µL*BFS, µa*BFS, µRspot, µa*spot, 
sRBFS, s a*BFS, sa*spot 
 

 
95,7 

 
94,3 

 
97,9 

 

 

Results show that using the same four features for the first two sets and seven 

features for the third set the proposed discriminant functions were able to correctly 

predict with more than 94% of accuracy the ripening stages of the 140 bananas. 

However, the selected features from combined-set  explained more variation in the 

ripening stages than full-set and background-set. Better prediction by combined-set 

(97,9%) suggested that the extraction of independent color features from the banana 

images (BFS and brown spots) permitted to obtain more consistent and useful 

information, and to discard information associated to some color scales that can 

introduce prediction errors. Figure 4-2 shows the discriminant analysis for the 

classification of bananas using the selected features in the combined-set. 
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Function 1 = 0.4µL*BFE + 1.1µa*BFE - 0.1µRspot + 0.2µ a*spot  – 0.1sRBFE + 0.1s a*BFE  – 0.3s a*spot 
Function 2 = -0.3µL*BFE - 0.3µa*BFE - 0.7µRspot + 0.4µ a*BFE  – 0.2sRBFE - 0.6s a*BFE – 0.6s a*spot  
 

Figure 4-2. Discriminant functions for classification of bananas using color features 

from the background and spots (combined-set). 

IV.3.2 Discriminant power of selected features 

The comparison of relationships between the selected features in each set revealed 

that the average values of L* and a* color scales and variance of a* color scale, in all 

the sets, presented the highest discriminat ing power in the predicting ripening stages. 

In fact, CIELAB is consider a perceptually uniform color space, and therefore more 

suitable for direct comparison with sensory data (Segnini et al., 1999). 

Interestingly, in the three evaluated sets the most difficult stages to discriminate were 

between 4 (more yellow than green) and 5 (green tip and yellow) due to the high 

variability of the color data at these stages. Results showed that 4 out of 6 prediction 

errors for full-set occurred between these stages, 5 of 8 errors for background-set, and 

2 of 3 errors for combined-set.  
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Figure 4-3 shows the relationships between µa*BFS and σa*spot, and µa*BFS and µL*BFS. 

The µa*BFS  values showed a clear increase during all the ripening process and their 

relation with σa*spot permitted to discriminate among bananas in stages 4 and 5 (Fig. 

4-3a). In the first stages spots in some images were actually defects on the surface of 

bananas. Visually, the appearance of brown spots was evident from stage 4 onwards. 

The combination between µL*BFS and µa*BFS showed discriminant power to clearly 

predict the first three ripening stages (Fig. 4-3b). Thus, using discriminant analysis 

for only these pairs of features, the classification performance for the 140 bananas 

was 92% and 90%, respectively. This confirms that the inclusion of selected color 

features from brown spot images improve the resolution of the classification 

performance, and in particular, among stages 4 and 5. 

 

Figure 4-3. Relationships between some color features with the highest 

discriminating power. (a) µa*BFS versus σa*spot, and (b) µa*BFS and µL*BFS. (The 

numbers from 1 to 7 indicate the ripening stages). 
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IV.3.3 Practical application of CVS in the trade  

The banana industry, however, is interested in predicting the quality of bananas in the 

first three stages of ripening, which are good predictors of their shelf life and 

customer preferences. In these stages the major and more homogeneous color 

changes take place (Mendoza and Aguilera, 2004). However, injuries due to poor 

harvest, transport, and inadequate handling conditions frequently are not immediately 

apparent but may show up later (Dadzie and Orchard, 1997). In this study the 

prediction in the first three ripening stages using any of the evaluated sets was 

performed with an accuracy of 100%. 

The Codex Alimentarius (1997) defines three quality classes for commercial bananas 

grown from Musa  spp. (AAA), in green stage. The ‘Extra’ class or superior quality 

class, which includes fingers free of defects with a tolerance of 5% by number or 

weight of bananas not satisfying the requirements of the class. The class ‘I’ which 

includes good quality bananas with slight defects in shape and peel color due to 

rubbing and other superficial defects not exceeding 2 cm2 of the total surface area, 

while class ‘II’ permits bananas with more serious defects not exceeding 4 cm2 of the 

total surface area. For these two last classes the tolerances allowed are 10%.  

In spite of the high performance achieved using the full-set and combined-set (that 

consider the color features of spots) they can be less efficient and consistent than the  

background-set when the variability between samples is larger, as could occur in the 

class ‘II’. Therefore, an interesting alternative for quality assessment of bananas in 

the first commercial stages could be to integrate the discriminant functions from 

background-set as mean to predict the ripening stages, and the information extracted 

from the spot images in order to evaluate rubbing and other superficial defects. 

Finally, this study demonstrates that image analysis techniques can be used 

effectively to predict the seven ripening stages of bananas using any of the color 

feature sets proposed here. In addition, these techniques can be extended to evaluate 

the different quality classes according to the standards proposed by the Codex 



70 

  

Alimentarious (1997). However, the classification performance using the complete 

hands and clusters of bananas must be investigated. 

 

IV.4 Conclusions 

The three evaluated sets of color features were able to correctly predict with more 

than 94% of accuracy the ripening stages of the 140 bananas as professional visual 

perception. The selected features extracted from banana images free of spots 

combined with spot images (combined-set) more accurately predicted the ripening 

stages of bananas, and in particular, among the stages 4 and 5 which showed more 

prediction errors in all the evaluated sets. The relationships between µa*BFS and 

σa*spot, and µa*BFS and µL*BFS color features showed the highest discriminating power 

as indicators of banana ripeness and the agreement with the visual assessment. 

Computer vision is more versatile, consistent, efficient and economical for the 

prediction of the quality of bananas compared to current visual assessment and 

instrumental techniques. It permits identification and quantification of appearance 

features and defects without destroying the sample due to the capability to examine 

curved surfaces. In addition, this technique can be extended to evaluate the different 

quality classes according to the standards proposed by the Codex Alimentarious 

(1997). Computer vision shows promise as a non-destructive method of predicting 

ripening stages of bananas that can be implemented on- line.  
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V. COLOR AND IMAGE TEXTURE IN CLASSIFICATION OF 

COMMERCIAL POTATO CHIPS 

 

V.1 Introduction 

One of the most important quality parameters of fried potato products strictly related 

to consumer perception, is the color (Segnini et al., 1999). Color is critically 

appraised by consumers and often is the basis for their selection or rejection of chips. 

Potato chip color is the result of the Maillard reaction, which depends on the content 

of reducing sugars and proteins, temperature and time of frying (Mackay et al., 1990; 

Marquez and Añón, 1986). 

In potato chip manufacture the most important quality parameters to be controlled are 

the intensity of darkening during frying, texture and crispness (Smith, 1975; Scanlon 

et al., 1994). However, there are other important factors that must be controlled to 

avoid diminishing the sensorial properties and healthful quality of potato chips. They 

are the amount of oil absorbed during frying and post- frying process, which can 

produce a slightly dark appearance of the chips and sometimes the presence of oily or 

transparent regions on the surfaces. Numerous studies have shown that most of the 

oil is confined to the surface region of the fried product (Bouchon et al., 2003; 

Bouchon and Pyle, 2004; Rimac-Brncic et al., 2004). Likewise, the presence of dark 

and brown spots due to natural defects or injuries in raw potatoes, which we believe 

that could be immediately detected and rejected by the consumers. Consequently, an 

integral characterization of the surface of potato chips that identifies and quantifies 

those traits that are desirable by consumers as well as defects, could provide a useful 

tool in the quality control of the frying process.  

An interesting alternative for analyzing the surface of the actual chips and 

quantifying appearance characteristics is to use computerized image analysis 

techniques. Computer vision analysis is a non-destructive method to objectively 

measure color patterns in non-uniformly colored surfaces, and also determine other 
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physical features such as image texture, morphological elements, and defects (Chen 

et al., 2002; Mendoza and Aguilera, 2004). Moreover, with the advantage of superior 

speed, accuracy, and recent advances in hardware and software, computer vision has 

attracted a significant amount of research aimed at replacing human inspection 

(Brosnan and Sun, 2002, 2003). Color sorting is a commercial reality, but 

quantitative analysis for quality control is not common. 

In food research, color is frequently represented using L*a*b* color space, which is 

an international standard for color measurements adopted by the Commission 

Internationale de I’Eclairage (CIE) in 1976. L* is the luminance or lightness 

component that goes from 0 (black) to 100 (white), and parameters a* (from green to 

red) and b* (from blue to yellow) are the 2 chromatic components, varying from -120 

to +120. The system is based on the spectral sensitivity of human sight and its 

adaptation to prevailing lighting conditions. One of its disadvantages is that it is not 

intuitive. Another color space less used in foods is HSV. It is a user-oriented color 

system based on the artist’s idea of tint, shade and tone. HSV separates color into 

three components varying from 0 to 1 (when it is calculated using the function 

rgb2hsv  available in Matlab®); H (hue) distinguishes among the perceived colors, 

such as red, yellow, green and blue; S (saturation) refers to how much of the light is 

concentrated at the hue’s specific wavelengths, respectively is made up of white light 

of all wavelengths; and V (value) represents the total brightness similar to L* (Du and 

Sun, 2005). 

The meaning of the term texture in image processing is completely different from the 

usual meaning of texture in foods. Image texture can be defined as the spatial 

organization of intens ity variations in an image at various wavelengths, such as the 

visible and infrared portions of the spectrum (Haralick et al., 1973). Image texture is 

an important aspect of images and textural features play a major role in image 

analysis (Li et al., 1999). These features provide summary information defined from 

intensity maps of the scene which relates may relate to visual characteristics 

(coarseness of the texture, regularity, presence of a privileged direction, etc.), and 

also to characteristics that cannot be visually differentiated (Basset et al., 2000). 
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Numerous researches on the color appearance of potato chips have employed color 

measurements and classification methods by image analysis techniques. A first study 

by Scanlon et al. (1994) used computerized video image analysis to measure 

lightness of potato chips, expressed on a gray level scale. Segnini et al. (1999) 

developed a procedure based on a video technique and image analysis to quantify the 

color of potato chips in the L*a*b* color space and the presence of undesirable 

brown spots from gray scale images. They showed that the sensitivity of this 

technique to separate colors correlated well with the perception of the human eye. 

Marique et al. (2003) modeled color classification of fried potato chips by image 

analysis and artificial neural networks, but using gray scale images. Their results 

showed a good agreement with human estimations, obtaining correlation coefficients 

of 0.972 for training data and of 0.899 for validation data. Recently, Pedreschi et al. 

(2004) used a pattern recognition approach for classification of potato chips obtained 

under six different processing conditions (e.g. blanching and frying temperature). 

More than 1500 geometric and color features (in gray level scale and L*a*b* color 

space) were extracted from the color digital images. Using 11 features and a simple 

classifier, they obtained a good classification performance in the confidence interval 

of 78% and 89%. However, there are no studies that correlate features from images 

of commercial potato chips with color appearances, defects, and preferences of 

consumers. 

The objectives of this study were: (i) to evaluate the potential of L*a*b*, HSV and 

gray scale intensities and their image texture information (energy, entropy, contrast, 

and homogeneity from each color scale) to characterize and to classify four quality 

categories of commercial potato chips, and (ii) to evaluate the capability of these 

extracted features to characterize and to model the potato chip preferences of a group 

of consumers. 
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V.2 Materials and methods  

V.2.1 Samples of potato chips  

Potato chips (Lättsaltade, OLW, AB Sweden) were taken randomly from four 

commercial packages and sorted subjectively into four quality categories (18 samples 

per category):  (i) ‘pale chips’, having a clean surface, and no apparent spots; (ii) 

‘slightly dark chips’, or chips with acceptable color, but sometimes characterized by 

the presence of oily or transparent regions; (iii) ‘chips with brown spots’, which also 

have an acceptable color, but present brown spots due to the Maillard reaction; (iv) 

‘chips with natural defects’, which are chips with darker and browner spots due to 

natural defects or injuries in raw potatoes. 

V.2.2 Image acquisition 

Images were captured using an image acquisition system for color digital camera 

similar to that developed by Mendoza and Aguilera (2004). This system consists of 

the following elements:  

(i) Lighting system. Samples were illuminated using two parallel lamps (with two 

fluorescent tubes in each lamp, model TL-D Deluxe, Natural Daylight, 18W/965, 

Philips, NY, USA) with a color temperature of 6500 K and a color-rendering index 

(Ra) close to 90% to approximate D65, a standard light source defined by CIE. The 

four fluorescent tubes (60 cm long) were situated 35 cm above the sample and at an 

angle of 45º to the sample. Additionally, light diffusers covering each lamp and 

electronic ballasts, which eliminate all flicker and hum (stroboscopic effect) in 

fluorescent lamps, assured a uniform illumination system. 

(ii) Digital camera and image acquisition. A Color Digital Camera (CDC), model 

PowerShot A70 (Canon, NY, USA) was positioned vertically over the sample at a 

distance of 30 cm. The angle between the camera lens and the lighting source axis 

was around 45º. Cons idering that ambient illumination is very critical for 
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reproducible imaging, sample illuminators and the CDC were covered with a black 

cloth to avoid the external light and reflections. Images of one face of the potato 

chips were taken on a matte black background using the following camera settings: 

manual mode with the lens aperture at f = 4.5 and speed 1/125, no zoom, no flash, 

resolution of the CDC of 1024 x 768 pixels and storage of image in JPEG format of 

‘high resolution’ and ‘superfine quality’. The white balance of the camera was set 

using the white reference according to DIN 5033 (model Weiß–Standard LZM 076, 

Dr Lange, Berlin, Germany), and its reference values were Xn=78.2, Yn=83.1, and 

Zn=89.9. The camera was connected to the USB port of a PC (Pentium 4, Intel (R), 

2.8 GHZ, 512MB RAM, 60 GB hard disk) provided with a Remote Capture Software 

(version 2.7.0, Canon, NY, USA) to visualize and acquire the digitalized images 

directly from the computer. 

(iii) Image processing. All the algorithms for preprocessing of full images, image 

segmentation, color analysis, and image texture analysis were written in MATLAB 

6.5 (The MathWorks, Inc., MA, USA). 

V.2.3 Image segmentation 

Background was removed from the preprocessed gray scale image using a threshold 

of 60 combined with an edge detection technique based on the Laplacian-of Gauss 

(LoG) operator (Castleman, 1996; Mery and Filbert, 2002). The gray scale image 

was obtained using the command ‘rgb2gray’ of Matlab. A threshold value of 60 was 

fixed since the average gray levels of the background and the darker chips were less 

than 20.1±3.1 and higher than 152.2±28.8, respectively. The LoG-operator involved 

a Gaussian lowpass filter with mask size [3 3] and sigma 0.5, which permits pre-

smoothing of noisy images. This segmented image is a binary image, where ‘0’ 

(black) and ‘1’ (white) mean background and object respectively. So, from this 

binary image, the localization of the pixels into the chip region permitted to extract 

from the original image the true color image of the chip. 
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V.2.4 Color analysis 

The RGB signals generated by a CDC are device-dependent and not identical to the 

RGB intensities of the CIE (Commision Internationale de I’Eclairage) system. 

However, a de facto standard for the spectral sensitivities of practical recording 

devices has been adopted by the International Electrotechnical Commission (IEC) as 

IEC 61966-2-1 (1999), and a linear transformation defines approximately the 

mapping between RGB signals from the CDC and a device-independent system such 

as CIE XYZ (Stokes et al. , 1996). After segmentation of the image, the color data 

were converted to CIE XYZ and L*a*b* as in Mendoza and Aguilera (2004) and 

from ‘as is’ recorded RGB values to HSV color spaces, and gray scale intensities (G) 

using MATLAB 6.5 Image Toolbox functions rgb2hsv and rgb2gray, respectively. 

The average value of the segmented pixels in the chip image for each color scale (L* , 

a*, b*, H, S, V, and G) was registered as the color of the potato chip. 

V.2.5 Image texture analysis 

Image texture was analyzed studying the spatial dependence of pixel values 

represented by a co-ocurrence matrix Pd,? with entry Pd,?(i,j) being the relative 

frequency or distance for two pixels d-pixels apart in direction ? to have values i and 

j, respectively. For a given directional orientation and distance of the patterns, 14 

textural features can be extracted from a grayscale image using this matrix (Haralick 

et al., 1973). Since the texture of potato chip images can reflect characteristics such 

as color, size and arrangement of brown spots or defects it may be directly or 

indirectly related to the quality categories and consumers’ preferences. Four textural 

features: energy, entropy, contrast and homogeneity were extracted from the 

segmented images in L*, a*, b*, H, S, V and G, and analyzed using the texture 

average of four directions, ? = 0, 45, 90, 135º and distance, d = 1. They are computed 

by: 
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Energy measures the textural uniformity of the image, i.e., the repetition of pixel 

pairs. Entropy measures disorder or randomness of the image and it is an indication 

of the complexity within an image, thus, more complex images have higher entropy 

values. Contrast is a measure of the local variations present in the image, so higher 

contrast values indicate large local variations. Homogeneity (also called an inverse 

difference moment) is inversely proportional to contrast at constant energy. Similarly 

at constant contrast, homogeneity is inversely proportional to energy (Park et al. , 

2002). 

V.2.6 Quality testing and classification 

Multivariate techniques of data analysis, namely, Principal Components Analysis 

(PCA), and Linear Discriminant Analysis (LDA) to characterize and to classify four 

quality categories of commercial potato chips were performed using Statgraphics 

Plus for Windows software, Version 5.1 at 95% of confidence level. PCA attempts to 

identify underlying variables or factors that explain the pattern of correlations within 

a set of observed variables. PCA generates a set of new orthogonal variables, the 

principal components which are linear combinations of the original variables, so that 

the maximal amount of variance contained in the original data set is concentrated in 

the first principal components, thus, reducing the number of variables. The 
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successive linear combinations are extracted in such a way that they are uncorrelated 

with each other and account for successively smaller amounts of the total variation. 

In this paper, the criterion of eigenvalue equal to 1.0 was used as the cut-off point. 

The component loadings are the correlations between the original and PCA 

transformed variables. These loadings achieve a maximum value of one (or minus 

one) when the principal component and original variable are completely correlated. 

Once the number of principal components is determined, the sample scores are 

calculated for each component. These scores represent each sample in the new 

principal components space. The derived scores would then be used in further 

analysis in place of the original responses. In this way, PCA can be very useful for 

the identification of clusters, outliers and other structures in the data (Dillon and 

Goldstein, 1984a).  

LDA is a statistical technique for classifying individuals or objects into mutually 

exclusive and exhaustive groups on the basis of a set of independent variables. LDA 

involves deriving linear combinations of the independent variables that will 

discriminate between the a priori defined groups in such a way that the 

misclassification error rates are minimized. This is accomplished by maximizing the 

between-group variance relative to the within-group variance. The goal is to find the 

allocation rule which gives the    highest percentage of correct classification (Dillon 

and Goldstein, 1984b). 

V.2.7 Preference testing  

To gain an understanding of consumer’s preferences, regarding edibility and their 

correlation with the features extracted from the images, ten consumers of potato 

chips (Swedish and Spanish students of Lund University, 5 males and 5 females), 

were asked to classify the 20 chips shown presented disorderly in Figure 5-1 into 

three groups of preference. These groups were: best -appearance: What chips are the 

most attractive to eat?, acceptable: What chips do not have good appearance, but you 

can eat?, and non-acceptable: What chips are not acceptable to eat?.  
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Three dimensions of preference data were obtained from the frequencies of each 

group, and the relationships between the consumer’s preferences expressed as 

probabilities versus the extracted features was evaluated using the Stepwise Logistic 

Regression (SLR) method implemented in Statgraphics Plus at 95% of confidence 

level. In a first analysis, SLR was performed using the frequency probabilities of the 

best-appearance grades, that is, the proportion of successes of each chip to be 

selected into the best-appearance group. In a second analysis, SLR was performed 

using the frequency probabilities when both the best-appearance and the acceptable 

preference groups are assumed to be a single ‘acceptable’ group. In this way, the 

preference probabilities were calculated from the proportion of chips that the group 

of consumers would be willing to eat or to reject. 

SLR analysis allows estimating multiple regression models when the response being 

modeled is dichotomous and can be scored 0, 1; that is, the outcome must be one of 

two choices. The dependent variable can consist of individual observations of either a 

0 or a 1, representing the actual outcome for each individual case; or the probabilities 

between 0 and 1 that are the proportions of successes for groups of observations, 

whose sizes can vary (Statgraphics, 1999). 

In addition, Cohen’s Kappa method for nominal data was used for the estimation of 

agreement between the ten raters of chips. Kappa is a measure of agreement between 

individuals when two binary variables are attempt by a group of individuals to 

measure the same thing. Kappa is always less than or equal to 1. A value of 1 implies 

perfect agreement and values less than 1 imply less than perfect agreement. In rare 

situations, Kappa can be negative, which is a sign that the observers agreed less than 

would be expected just by chance. However, normally we are interested in levels of 

agreement greater than chance (Siegel and Castellan, 1998). One possible 

interpretation of Kappa suggest by Altman (1991) is: (i) Poor agreement = less than 

0.20; (ii) Fair agreement = 0.20 to 0.40; (iii) Moderate agreement = 0.40 to 0.60; (iv) 

Good agreement = 0.60 to 0.80; and (v) Very good agreement = 0.80 to 1.00. This 

analysis was carried out using a free interactive statistic toolbox available the 

Chinese University of Hong Kong (Chang, 2000). 
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V.3 Results and discussion 

V.3.1 Quality characterization of commercial potato chips  

Figure 5-1 shows representative images of the four quality categories of potato chips 

previously defined, and that could be found in a commercial package of chips. In 

particular, for the selected commercial brand, four 300 g packages were evaluated to 

gather 18 chips in category D, since these samples were present in a minor 

proportion. Category B of ‘slightly dark chips’ predominated in all packages (over 

50% of the total number of chips), followed by C ‘chips with brown spots’ (less than 

30%), and, finally category A ‘pale chips’ (less than 15%). Once chips were assigned 

A, B, or C, 18 samples were taken at random from each category. 

 

Figure 5-1. Gallery of potato chips images in their four quality categories: A. pale 

chips, B. slightly dark chips, C. chips with brown spots; and D. chips with natural 

defects. 
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A principal component analysis (PCA) was performed on color and textural features 

in order to provide partial visualization of the data spread in a reduced space and to 

check how these features and quality categories might be related. The principal 

components were calculated on the autoscaled data using 72 samples and 31 features 

variables. For the analysis, the textural features from the H color scale were 

discarded, since they did not show variations among the categories. Four principal 

components with eigenvalues higher than one accounted for 95.4% of total variance. 

The weights of the variables showed that with the exception of contrast, entropy, 

energy, and homogeneity extracted from the V color scale, all the variables are 

dominant features in the first principal component and explained 75.1% of the total 

variability. The four excluded features were dominant in the second principal 

component representing 11.5% of the total variance, and contrast and homogeneity of 

the L* and G scales in the third principal component representing only 5.1% of the 

total variability. Figure 5-2 confirms the high discriminant power of the dominant 

features in the first principal component when PC1 and PC2 are plotted. So, we can 

determine that using any of these dominants features in the PC1 combined with any 

of these four local texture features in the PC2 could be enough for predicting an 

important part of the samples into the four quality categories. 
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Figure 5-2. Principal components analysis for the extracted features from 72 chips 

images (Ener = Energy, Entro = Entropy, Cont = Contrast, and Homo = Homogeneity). 

When the quality category scores of each chip were displayed in the space of the first 

two principal components (which explain 86.6% of the total variability) a clear 

separation of A, B and C quality categories were found (Figure 5-3). This simple 

statistical approach appeared more related to the visual inspection for the first three 

quality categories than with category D. The tendency of scores into the categories A, 

B and C is to increase PC1 and to diminish PC2, in an intuitive way. These 

categories are mainly characterized by their color appearance from light to dark. 

However, only a partial separation was achieved for samples of quality D, which 

showed a tendency to be located in the upper part of PC2 or overlapping with 

categories B and C since they are characterized by its high color variability. Thus, 

from Figure 5-3 the estimation of clusters or categories by simple visual inspection 

showed a classification performance of 84.7%. 
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Figure 5-3. Graphic classification of potato chips in the four quality categories using 

the scores of the first two principal components. 

Considering that PCA gave a fairly good separation of the first three quality 

categories from their color and textural features, it was legitimate to try to derive a 

quantitative model, which could improve the classification performance to include 

category D. The next attempt was to apply a supervised pattern recognition method 

to characterize the same set of chip samples into the four quality categories using 

LDA as the selection criterion. To validate the derived rules of classification, the 

stability for the prediction of the proposed chip categories and how well the groups 

are classified into statistical groups, the extracted information from each category 

were divided at random between 2 sets: 2/3 of the samples (12 chips) were used for 

the model-building process and the remaining 1/3 for the model validation. As stated 

above, 35 features were extracted from each image. However, data from this large set 

of features are not completely uncorrelated, containing redundant, noisy or even 

irrelevant information for classification proposes. Using the Sequential Forward 

Selection (SFS) method, 3 local textural variables: entropy of a*, energy of b* and 

entropy of V (with correlation coefficients less than 0.48) were selected as the most 

discriminant features, resulting in an overall correct classification rate of 85.4% for 

training and 83.3% for model validation. The classification details are given in Table 
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V-1. As with the PCA approach, results showed that the first three quality categories 

(A, B and C) could be clearly distinguished, but with the advantage that only 3 

textural features are required to obtain similar results, and that the samples belonging 

to category D are mainly overlapping with those in category C. Category D showed 

the lowest classification rates of 58.3% and 33.3% for model-building and model 

validation respectively. 

Table V-1. Classification results of the four chip quality categories for training and 

testing data. 

Predicted category percentage (traininga/testingb) Actual 
category 

Group 
size 

A B C D 

A 12 / 6 100 / 100 0 / 0 0 / 0 0 / 0 

B 12 / 6 0 / 0 100 / 100 0 / 0 0 / 0 

C 12 / 6 0 / 0 8.3 / 0 83.3 / 100 8.3 / 0 

D 12 / 6 0 / 0 8.3 / 16.7 33.3 / 50 58.3 / 33.3 

        a Overall correct classification rate for training: 85.4% 
        b Overall correct classification rate for testing: 83.3% 

In Figure 5-4, the textural space for chip categories using the selected features 

confirm the importance of the textural features for characterizing the first three 

quality categories, where energy increases and entropy decreases as categories 

become more homogeneous in color (from C or D to A). Thus, although in LDA only 

2/3 of the information was used for model-building (with three selected features), the 

overall correct classification rate (85.4%) was roughly similar to that obtained using 

PCA (84.7%), which considered all the data and variables. Whereas PCA is an 

unsupervised linear feature extraction method, LDA uses the category information 

associated with each pattern for (linearly) extracting the most discriminatory features 

(Jain, Duin, & Mao, 2000).  
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Figure 5-4. Textural color space of potato chips using the most discriminant features. 

(Filled symbols for training data and unfilled symbols for testing data). 

These results suggest that in spite of the high color variability of samples in a 

package  of potato chips (with intermediate color appearance among categories), 

using the most relevant textural features combined with simple statistical approaches 

(PCA or LDA) provides a good alternative for the classification of commercial 

potato chips by their color appearance. However, the textural features alone may not 

be sufficient to differentiate ‘chips with natural defects’ (Category D), which are 

characterized by their high local variability of color intensity. An improvement in the 

prediction of this last category could be reached by the insertion of other variables to 

the algorithm, which could include, as a first step of the classification, the detection 

and characterization of natural defects based on the variability of the normal color, 

size and geometry patterns of defects or injuries, or a combination of those 

measurements. Also, more sophisticated classification techniques that perform 

statistical and geometric analyses of the vector space of the features could lead to 

improved results. 
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V.3.2 Preferences of the consumers versus extracted features 

Several studies report non-destructive measurements of the color quality parameters 

of potato chips. However, only a few studies have investigated the relationship 

between these various measurable quality parameters for chips and the true 

preferences of the consumers.  

Using the 20 chips shown in Figure 5-1, the consumer group  revealed that chips of 

category B (‘slightly dark chips’) represented the most attractive chips, and 54% of 

the times were chosen as chip s with the best-appearance. The acceptable chips were 

mainly represented by chips of category C (‘chips with spots’) and the non-

acceptable chips by chips of category D (‘chips with natural defects’), which 54% 

and 82% of the times were chosen into these preference groups, respectively. 

Interestingly, although category B exhibited in many cases regions with oily 

appearance, they appeared to be preferred by the consumer group, in spite of the 

prevailing trend toward healthier and low- fat products. However, the group clearly 

rejected ‘chips with natural defects’. 

In order to model the consumers’ preferences for chips, in a first analysis, the 

relationship between the extracted features and the probabilities of the best-

appearance grades (calculated from the frequency of the three dimensional 

preference data) was evaluated using the Stepwise Logistic Regression method. The 

regression process was performed using SFS method for feature selection and 

Maximum Likelihood method for fitting of the model. Four textural features: contrast 

of V, energy of a*, entropy of L* and homogeneity of b* with correlation coefficients 

less than 0.71 were selected as the best features. Figure 5-5 shows the observed and 

predicted preference probabilities of being highly acceptable for the 20 samples. The 

line at 45° represents the perfect prediction. The correlation coefficients between 

predicted and chip preference probabilities were R2 = 79.2% and R2-adjusted = 65.7% 

with a mean square error (MSE) of the estimate to be 0.034. These low correlation 

coefficients can be explained by the complexity and high variability of the preference 
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responses. Kappa analysis showed a value of 0.27 (with Z=10.82 and p=0.00), which 

means a fair agreement among the raters.   

 

Figure 5-5. Predicted chip preference probability of being highly acceptable from the 

three preference groups. 

Alternatively, in a second analysis, Figure 5-6 shows the predicted preference chip 

probability when both the best-appearance and the acceptable preference groups are 

assumed to be a single ‘acceptable’ group. Thus, the proportion of chips that the 

group of consumers would be willing to eat or to reject was modeled. In this case, 

contrast and entropy of L*, energy of a* and homogeneity of b* with correlation 

coefficients less than 0.89 exhibited the best agreement with the consumer’s 

preferences. Although Kappa-value was notably improved to 0.51 (with Z=6.51 and 

p=0.00) which means a ‘moderate’ agreement among the raters, the correlation 

coefficients between predicted and chip preference probabilities were only slightly 

improved to R2 = 82.2% and R2-adjusted = 73.0% with a MSE of 0.045. 
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Figure 5-6. Predicted chip preference probability when both the best-appearance and 

the acceptable preference groups are assumed to be a single ‘acceptable’ group. 

 

V.4 Conclusions 

Results from this particular study using a reduced number of samples show that the 

image texture features contain better information than the average color features, to 

objectively distinguish different quality categories of potato chips and to represent 

consumers’ preferences. Entropy of a* and V, and energy of b* color scales showed 

the best correspondence (correlations) with the four proposed quality appearances 

(‘pale chips’, ‘slightly dark chips’, ‘chips with brown spots’, and ‘chips with natural 

defects’), which produced overall classification rates of 84.7% for training data and 

83.3% for validation data using LDA. However, while textural features alone may 

not be sufficient to correctly predict samples into the category ‘chips with natural 

defects’ (characterized by their high local color variability), they certainly appear to 

be useful contributors to chip quality prediction and deserve inclusion in the pool of 

potato chip appearance indicators. Two simple statistical approaches (PCA and LDA) 

were evaluated in the classification process; however, the inclusion of other features 
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for the characterization of ‘chips with natural defects’ combined with more 

sophisticated classifiers could lead to better results. 

Preferences of a small group of consumers showed that in spite of the complexity and 

high variability of the responses, a linear relationship between preference 

probabilities and textural features was observed, indicating that statistical modelling 

of sensorial preferences using texture image features can be used to simulate 

consumer behavior in the preferences of potato chips. Using the frequency 

probabilities of the best-appearance graders from the three chip preference groups 

which showed a fair agreement among raters, and the frequency probabilities of 

‘acceptable’ graders (considering acceptable and non-acceptable chips) which 

showed a moderate agreement among raters, the logistic regression models were able 

to explain the 79.2% and 82.2% of the variability in consumer preference, 

respectively.  
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VI.  GENERAL CONCLUSIONS 

A computerized image analysis technique to quantify standard colo r in some fruits and 

vegetables using sRGB, HSV and L*a*b* color spaces was implemented and analyzed. A 

de facto standard (sRGB) for the spectral sensitivities of practical recording devices 

adopted by the IEC 61966-2-1 (1999) was found to efficiently and simplistically define the 

mapping between R’G’B’ signals from the CDC and a device-independent system such as 

CIE XYZ. Using this standard, color information from simple computer vision systems, 

such as those developed in this investigation, can be easily transferable and reproduced 

between different users on the basis of a common interchange format.  

The CVS was found to be robust to changes in sample orientation, resolution and zoom. 

However, it was significantly sensitive to background changes from black to white. In 

addition, even though the CVS provided better resolution to assess color in non-

homogeneous and curved surfaces, the color measurements were dependent on the degree 

of curvature and glossiness of samples.  Therefore, color results from the CVS should be 

interpreted with caution. The L*a*b* system is suggested as the best color space for 

quantification of color in foods with curved surfaces (Chapter II). 

Applications of image analysis techniques using bananas demonstrated that in spite of 

variations in data for color and appearance, a simple classification technique to identify the 

seven ripening stages of bananas is as good as that of a professional grader using visual 

perception. Using L*a*b* scales, brown area percentage, and image contrast, it was 

possible to classify 49 good quality bananas in their seven ripening stages with an accuracy 

of 98% (Chapter III).  Similarly, using only the average pixel values and variance of the 

intensity histograms from L*a*b* scales for three sets of color features extracted from: the 

full image of the bananas, the yellow background free of spots (BFS), and combination of 

the BFS and color data from brown spots, their discriminant functions were able to 

correctly predict ripening stages with more than 94% of accuracy using 140 bananas stored 

under commercial conditions (Chapter IV). 
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In Chapter V, features derived from 72 commercial potato chips showed that the image 

texture contained better information than color features to discriminate both the quality 

categories of chips and consumers’ preferences. Entropy of a* and V, and energy of b* 

showed the best correspondence with the four proposed appearance quality groups (‘pale 

chips’, ‘slightly dark chips’, ‘chips with brown spots’, and ‘chips with natural defects’), 

giving classification rates of 84.7% for training data and 83.3% for validation data when 

discriminant analysis was used as a selection criterion. However, textural features alone 

were not sufficient to correctly predict ‘chips with natural defects’ due to their high color 

variability. Consumers’ preferences showed that in spite of the ‘moderate’ agreement 

among raters (Kappa-value=0.51), textural features have potential to model consumer 

behavior in the respect of visual preferences of potato chips. A stepwise logistic regression 

model was able to explain 82.2% of the preferences variability when classified into 

acceptable and non-acceptable chips. 

Finally, the results of this investigation show that using calibratable image capture devices 

with equipment that is readily available at reasonable cost, we are closer to making 

measurements related with a wide range of visual properties significant to the consumer. 

Computer vision systems seem to be a good alternative to objectively quantify standard 

color and other appearance features of any food without destruction of the sample and are 

able to be used for on-line or rapid at- line quality control applications. 
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VII. FUTURE PROSPECTS 

In this investigation, color measurements by CVS were found to be affected by the degree 

of curvature, shadows and glossiness of the surfaces. Studies of these effects for a 

particular shape and glossiness of the sample could be useful for developing image 

processing correction algorithms which can permit a better correlation among product 

quality by CVS and evaluations by human vision. 

Characterization and prediction of the ripening stages in bananas is feasible using simple 

appearance features and image analysis techniques on independent samples of bananas. 

However, for industrial on- line process control applications , the quality assessment of 

complete clusters or a bunch of bananas would require computational algorithms and 

appearance measurements capable of image segmentation in order to discriminate shadows 

among banana fingers and detect defects. 

Textural features alone may not be sufficient to differentiate ‘chips with natural defects’, 

which are characterized by their high local variability of color intensity. An improvement 

in the prediction of this quality category could be reached by the insertion of other 

variables to the algorithm. These could include, as a first step of the classification, the 

detection and characterization of natural defects based on the variability of the normal 

color, size and geometry patterns of defects or injuries, or a combination of those 

measurements. More sophisticated classification techniques that perform statistical and 

geometric analyses of the vector space of the features could also lead to improved results. 
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Appendix A: Image segmentation 

In this investigation, the image segmentation of fruits and vegetables was accomplished 

using a single global threshold combined with an edge detection technique based on the 

Laplacian-of Gauss (LoG) operator. The procedure consist of scanning the preprocessed 

gray image (using a Gaussian filter) pixel by pixel and labeling each pixel as object or 

background, depending on whether the gray level (varying from 0 to 255) of that pixel is 

greater or less than value of the global threshold (T). After of this, the remaining noisy 

regions of pixels in the binary image (BW) are identified and removed using the 

information from the labeled connected regions in BW. This procedure allowed a “clean” 

segmentation by eliminating the shadows and noisy regions around the samples, leaving 

only the background and object. The Gaussian function in the LoG operator was used to 

establish the location of the edges in the binary image. The detected borders were 

superimposed over the original image to allow verification of the correct segmentation of 

the region of interest (ROI). 

Since the average gray level of the black background in both implemented CVS’s was less 

than 20.1±3.1 and the illumination conditions were constant; the threshold for each group 

of samples was determined by visual inspection of the histogram. The average gray level in 

ROI for green bananas (ripening stage 1) was 56.2±5.4 and for yellow bananas (ripening 

stage 6) was 71.9±15.1. Thus, to ensure adequate segmentation, the threshold value was set 

equal to T=50. For the darker potato chips the average gray level was higher than 

152.2±28.8 and the threshold value was set to T = 60.  

The Appendix A.1. describes the segmentation algorithm for bananas and the Appendix 

A.2 the segmentation code implemented in Matlab 6.5. 
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A.1. Segmentation algorithm for bananas  

Original image

Filtered gray image

Segmented binary image

Edge detection

Color image with the 
detected edges

Segmented color image in 
white background

- RGB image 
- 1024x768 pixels

- Converted to gray intensities using 
the function ‘rgb2gray’

- Preprocessing with gaussian filter
using the function ‘fspecial’.

- Partition of the filtered image using a 
threshold T = 50

- Filled of the holes in the binary image
using the function ‘bwfill’

- Detection and cleaning of the remaining 
noisy regions.

- Using the Laplacian of Gaussian 
method using the function ‘edge’

- The detected edges were superimposed over 
the original image, to check the correct 
segmentation of the true image of the fruit. 

Original image

Filtered gray image

Segmented binary image

Edge detection

Color image with the 
detected edges

Segmented color image in 
white background

- RGB image 
- 1024x768 pixels

- Converted to gray intensities using 
the function ‘rgb2gray’

- Preprocessing with gaussian filter
using the function ‘fspecial’.

- Partition of the filtered image using a 
threshold T = 50

- Filled of the holes in the binary image
using the function ‘bwfill’

- Detection and cleaning of the remaining 
noisy regions.

- Using the Laplacian of Gaussian 
method using the function ‘edge’

- The detected edges were superimposed over 
the original image, to check the correct 
segmentation of the true image of the fruit. 
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A.2. Segmentation code implemented in Matlab 6.5 (File: Segment.m) 

close all; clear all 
 
% Read image 
image = double(imread('Banana.JPG'))/255; 
figure(1), imshow(image), title ('Original image') 
gray = rgb2gray(image);  
filter=fspecial('gaussian'); 
gray2=imfilter(gray,filter); 
figure(2), imshow(gray2), title('Filtered gray image') 
 
% Partition of the gray scale image using a threshold of 50 
T = 0.196;   % equivalent to threshold value of 50 in a scale of 0 to 255 
BW = im2bw(gray2,T); 
BW2 = bwfill(BW,'holes'); 
 
% Detection and cleaning of noise regions 
mylabel = bwlabel(BW2); 
tam = zeros(1,max(max(mylabel))); 
for (i = 1:max(max(mylabel))) 
      tam(i) = size(find(mylabel==i),1);  
end 
mayort = max(max(tam)); 
posic = find(tam==max(tam));  
BW2(find(mylabel~=posic)) = 0;  
BW4 = BW2; 
figure(3), imshow(BW4), title('Segmented binary image') 
 
% Edges detection using Laplacian of Gaussian Method 
Edge = edge(BW4,'log',[],2); 
figure(4), imshow(Edge), title('Edges of the image')  
perimeter = bwperim(Edge); 
contador99 = sum(sum(perimeter));  
limites = zeros(contador99,2);  
[limites(:,1) limites(:,2) zetas] = find(perimeter==1); 
figure(5), imshow(image); title('Original image with the detected borders ') 
hold on, plot(limites(:,2),limites(:,1),'.', 'MarkerSize' ,4), hold off; 
 
% Segmented original image in white background  
i = find(~BW4==1); 
R  = image(:,:,1); 
G  = image(:,:,2); 
B  = image(:,:,3); 
R(i) = ones(length(i),1); 
G(i) = ones(length(i),1);  
B(i) = ones(length(i),1);  
image(:,:,1) = R; 
image(:,:,2) = G; 
image(:,:,3) = B; 
figure(6), imshow(image); title('Segmented original image in white background') 
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Appendix B: Classification using Discriminant Analysis 

Discriminant analysis is the statistical technique that is most commonly used to classify 

data into two or more groups, and to find one or more functions of quantitative 

measurements that can help for discriminating among the known groups. Moreover, the 

analysis provides a method for predicting which group a new case is most likely to fall 

into, or to obtain a small number of useful predictor variables (in our case represented by 

the features extracted from the images).  

The concept of discriminant analysis involves forming linear combinations of independent 

(predictor) variables or features, which become the basis for group classifications. The 

analysis assumes that the variables are drawn from populations that have multivariate 

normal distributions and that the variables have equal variances (Statgraphics, 1999).  

The first step in the construction of these linear functions for two-group or multiple-group 

discriminant analysis is to identify a set of variables that ‘best’ discriminates between the 

groups. This can be achieved by an overall F-test. The overall F-test would be significant 

if the mean of at least one pair of groups is significantly different. Variables providing the 

best discrimination are called discriminator variables (Sharma, 1996).  

Then, having identified the discriminating variables (features), the next step is to estimate 

the discriminant functions. The discriminant function is a linear equation of the form: 

WnXnXWXWZ +++= ...22111     (A.1) 

where: 

Z = discriminant score 

W = discriminant weight 

X = independent variable  

The weights of the discriminant function (Z) are estimated such that the 

1
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is maximized. The previous equation is derived using the following concepts: 
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xxSST , Sum of Square Total.  The purpose is to find the deviation of all the 

scores ( ijx ) from the total average ( ..x ). 
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jj xxnSSb , between - group sum of squares. This is a measure of how much 

the means of the groups ( jx . ) differ from one another. 

SSbSSTSSw −=  , within - group sum of squares. This is a measure of the deviation of the 

scores in each group from its group mean, and then added together. 

Thus, in equation (A.2) each independent variable is multiplied by its corresponding 

weight, then the products are added together, which results in a single composite 

discriminant score for each individual in the analysis. Averaging the scores derives a group 

centroid.  If the analysis involves two groups there are two centroids; in three groups there 

are three centroids; and so on.  Comparing the centroids shows the distance of the groups 

along the dimension that are tested.  

In the case of two-group discriminant analysis, only one discriminant function is required 

to represent all of the differences between the two groups. However, in the case of more 

than two groups, it may not be possible to represent or account for all of the differences 

among the groups by a single discriminant function, making it necessary to identify 

additional discriminant function(s). The weights of a second discriminant function (Z2) are 

estimated such that the ?2 is maximized subject to the constraint that the discriminant 

scores Z1 and Z2 are uncorrelated. The procedure is repeated until all the possible 

discriminant functions are identified (Sharma, 1996).    

In the present investigation, the discriminant analysis was performed using 

STATGRAPHICS Plus for Windows software, Version 5.1 at 95% of confidence level. 

The software allows the selection of the best set of variables according to Sequential 

Forward Selection (SFS) method or Sequential Backward Selection (SBS) method and for 
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generating of discriminant functions from the variables in a dataset, and returning values 

for the discriminant functions in each case. The general procedure considers two steps: 

1. Choose SPECIAL… MULTIVARIATE METHODS… DISCRIMINANT 

ANALYSIS… from the Menu bar to display the Discriminant Analysis dialog box.  

2. Complete the dialog box and click OK to display the Analysis Summary and 2D 

Scatterplot in the Analysis window. 
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