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Abstract

Development of an automated computer vision systémng in the establishment of
technological and innovative approaches towardspkaweoffee bean raw quality value
classification by extracting the relevant coffeadeatures is the focal issue of this
exploratory research. Of paramount significancthisi regard is addressing the identified
problems of the tedious and inefficient manual grgdnd sorting mechanisms of one of
the most important agricultural products in Ethapcoffee. Prevalent sorting and
classification approaches are characterized byestipg assessments of the features and
nature of this huge economy representing cropethemfluencing quality control and
productivity aspects of the product. The major otiye of the research spans extraction
and selection of the important coffee bean morpfiodd and color features that are
useful for the purpose of classification of the rguality grade level of sample coffee

beans by designing, analyzing and testing a digitabje processing model.

The automated raw quality value classification expentation comprised the analysis of
images of washed coffee beans of varying gradas WMdollega region, using major
attributes of morphological structures (shape amel)sand color features. Grades 2 — 9
of the coffee beans were available, providing altot 27 samples, which yielded 324
sample images after a series of re-sampling measireame into 12 sub-samples. The
overall image processing work to develop models @epict trends for an efficient raw
quality value classification involved sequentialapbs of image acquisition, image
enhancement and segmentation, feature extractivilpuée selection, classification and
performance evaluation.

The Naive Bayes, C4.5 and Artificial neural netvgofRNN) were implemented for such
classification purposes. A combined morphological aolor features aggregate function
dataset was used to develop the base model, thnadhl attempts with separate features
were conducted. Feed-forward multilayer perceptnoite two hidden layer and back-

propagation algorithms are used in the ANN classfi



Discretization of the raw quality value in to thrie¢erval classes was done to improve
the performance of the model. 75% split evaluatezhnique was implemented for the
Naive Bayes and ANN classifiers as 10-foldcrossda#ibn evaluation techniques
implemented in C4.9Naive Bayes classifier yielded higher model peramoe (82.72%
correctly classified), followed by C4.5 (82.09%)dahe ANN classifier (80.25%). Model
robustness and sensitivity was analyzed by usindugiation analysis involving
manipulations of model evaluation techniques anths#d characters. Alteration of
number of beans in discretization and the use fiérént number of hidden layers
constitute the trial modeling in this regard. Cifasation model was also run with various
combinations of features of the coffee beans #edlig/ith the attribute selection feature
of Weka tool, where the final selection of the atlires was done at a maximal model
performance level for the Naive Bayes and ANN di@&ssion approachs. C4.5 selected

10 features as it has its own attribute selecttaracteristics.

An additional simulation was done with regressiaalgsis for the sake of evaluation and
trends analysis of the model outputs. A highertimiawas resulted from this statistical
approach between the raw quality values and thetiom=ad coffee bean features,

supporting suitability and accuracy of datasetcfassification in this research.



1. Introduction

1.1. Background

Coffee is a beverage obtained from cherry, thet obicoffee plant. The coffee plant
refers to several species of the genaffeaof the madder (common name for family

Rubicaecepfamily, which is actually a tropical evergreermdhthat has the potential to
grow to a height of 100 feet€offee Arabicaand Coffee Robustare the two most

commonly cultivated species of coffee plants withuge economic significance. Arabica
accounts for about 70 percent of the world's coffeeduction, as Robusta coffee
represents about 30 percent of the world's maeKetHthiopia produces only Arabica
coffee, which is widely believed to have originaiadthe country. Arabica coffee is a
wild crop that grows in the forests of the southsteen parts of the country, which

contain an important source of genetic resourcethioworld coffee industry [28].

Coffee, known to be indigenous to Ethiopia, is thajor export commodity of the
country generating a meaningful income and takheg lion’s-share of the GDP of the
country [38]. In 1998, coffee exports were respbiesior about two-thirds of the foreign
exchange earnings of the Ethiopian economy. Cofethe major cash crop of the
country and is frequently claimed to provide a liiveod for about 25 per cent of the
country's population. Of the total annual produttad around 250,000 tones, about half

is consumed domestically [36].

A globally recognized excellent quality and flavonaracterize the coffee grown in
Ethiopia. Ethiopia is the producer for diversifigghes and grades of coffee from its
different regions including Sidama, Wollega, Yirgatfe, Jimma, Harar and several

other places.

Today Ethiopia stands the biggest coffee produoer exporter country in Africa and
amongst the leading in the world. Ethiopia is ptipdhe oldest exporter of coffee in the
world ranking sixth largest coffee producer aftea#l, Colombia, Vietnam, Indonesia
and India, and the seventh largest exporter woddwin 2005, when exports were

1



recorded to amount 2.43 million bags, comprisi@22percent of world trade in coffee
beans (ICO statistical database). The bulk of ctriehiopian exports dominantly reach

Japan, Germany and Saudi Arabia [28].

A significant seasonal intra-annual variability gi in the price of coffee. Factors
reflecting domestic supply and the periodic tremdlsthe global coffee demand and
supply are attributable to these fluctuations. dditon, the variations can be seen

between different varieties and grades of coff¢e [4

Coffee production for international market pas$esugh several processes in order to be
competitive at the world market. Due to this, thevegrnment has given serious
monitoring and care to preserve the inherent coffaality characteristics to satisfy
customers' preferences [20]. Accordingly, everyivalr coffee produced has to go
through the monitoring of Ethiopian Commodity Exaba (ECX) to certify that the
supplied coffee has met the minimum requirementational standard for domestic and
international markets. ECX offers an integrated eliause system from the receipt of
coffee on the basis of industry accepted gradesstartlards for each traded coffee by
type to the ultimate delivery. Arrival coffee ispissited in warehouses operated by ECX

in major surplus regions of the country.

Coffee-grading and quality control are very usegiidcedures in encouraging, as well as
enforcing good-quality coffee production and prawis Besides, such activities assist
encourage and ensure dependable and competenttexgspgoaving the ground for
creating lasting business collaboration with ovasseients. Sorting and grading serve as
a device for controlling the quality of an agricwlll commodity so that buyer and seller
can do business without personally examining elargold.

The term coffee grading exhibits varied and obsaateof terms at the various coffee-
growing countries, and few are distinguished byidalgclarity [36]. In Ethiopia, coffee

grading is conducted through the combination of m&thods. The grading is done on
the basis of points assigned to the sample faRé@® Quality (measured using physical

appearance of the coffee beans) and Liquor Valug test), being 40% and 60%

2



respectively. Raw Quality entails attributes offh& make (15%), Color (15%) & odor
(10%), whereas Cup Cleanness (15%), Acidity (136yy (15%) and Flavor/ Character
(15%) constitute Liquor Value assessment. Outcoohesese parameters will then help
determine the grade, the task being handled byeathd tea quality control & liquoring
center of ECX (Ethiopian Commaodity Exchange) [4].

ECX conducts the manual grading system by takingmesentative sample of 3kg
coffee beans per each arriving truck from suppliefsvhich 300g from each sample is
used for raw evaluation analysis. The rest pareath sample will be classified for
roasting, reference and for clients’ display. Thessified samples from each truck will

be tagged uniformly for future identification anapessing.

For a coffee stock to be marketable, standardizegtare content and coffee bean size
are a pre-requisite. Before the grading procesdssthe coffee bean moisture level
should not exceed the preset maximum moisture ,leéhieb%. In addition, the coffee
beans screen size should not be less than theasth&thiopian coffee screen size, 14
units. If the sample coffee beans do not meet bloweatwo conditions, the coffee will be

rejected.

A minimum of three experts should participate ie tirading activity for both the raw
guality and liquor value grading decisions. Thesgeets work independently at the same
sample coffee beans and finally put their resudtgether for final evaluation of their
points for each attribute. If there is a differermceone of the points, they will convince
one another and elaborate their reason to let thspective points come up to uniform
final decision. The final grade will be given by awerall agreement of all the experts.
Most of the time the manual grading process is gmpliable and to a good deal

consistent.

There is no education or training at higher edocati institution or school level in the
country for producing experts in grading of coffddostly, plant science professionals

are preferred for this process. Such demands aéxperts are fulfilled by providing on-



the job training at the center which could exterahf three months to three years, by

experienced experts of the center.

Few experts and a number of technical assistant€ipate in the classification, sorting,
grading and evaluation of the coffee bean sampléseaECX, Addis Ababa branch. This
number of staff for such a big task is insufficigntparticular at the time when the centre
is decentralizing these practices of grading amdsification to various regions of the

country.

1.2 Statement of the problem

Despite the fact that coffee is one of the majarcaiural products in Ethiopia, sorting
and grading of this product is accomplished usiaditional and manual procedures and
approaches. This method employs visual and manetilads of inspection of the major
entities used, including appearance, texture, shajze and color of coffee beans,
exposing the quality assessment to inconsistenttsesnd subjectivism [11]. In addition,
the tedious and time-taking human operator inspedctivity for grading this high value
product is very expensive, less efficient and kffsctive generating less descriptive and

biased data information for quality control andestmnovative improvement activities.

Lack of a specialized specific field of study andhlification at country level for sorting,
grading and classification of this item represemtsmportant drawback which affects the
reliability, efficiency and consistency of the piae. The cost incurred to fulfill this gap
at various scales of trainings to generate capaiperts is also significant. This will be a
serious problem when observed from the perspeofiextending and decentralizing the
classification and grading activities to many otreggions of the country.

As a result, replacement of the human operatoresystwith the consistent, non-
destructive, superior speed, precise and costteffeautomated system of coffee quality
classification and determination is necessary fmhscommercial products that generate
a huge amount of income to the country.

The automated computer vision classification anadigig system enables eliminating

possible and potential human error and bias inpteeess. The application of this



objective inspection technigue has expanded intoynand diverse industries for food
and agriculture to assist the inspection and gopdinvarious fruits and vegetables in a
non-destructive method. Its speed and accuracgfgdhe ever-increasing production
and quality requirements, thereby promoting theettjsment and expansion of totally
automated processes. In addition, it has been ssfutly applied in the analysis of grain

characteristics and evaluation of food crops [39].

This research project has tried to employ relevamtl applicable image analysis,
processing and classification techniques and mpdeth the aim of introducing and

achieving the mentioned benefits of technologiggiraaches for coffee bean raw quality
value classification and determination. The newhmetogies of image analysis and
machine vision have not been fully explored indlegelopment of automated machine in
agricultural and food industries. This calls founahing exploratory researches for
applying, evaluating and developing these emertgngnologies to assist the betterment

of quality control and productivity issues of thextrs.

1.3 Motivation

Technological advancement is gradually finding agapions in the agricultural and food
industries, in response to the recurrent chroreba@l challenges, i.e., meeting the needs
of the ever-increasing population. Efforts are begeared towards the replacement of
human operator with automated systems, as humaratapes are inconsistent, costly
and/or less efficient at various aspects of hunrageavors. Automation involves the
accomplishment of an action aiming to control acpss at optimum efficiency as
controlled by a system that operates using instmstthat have been programmed into it
or response to some activities [25]. Automatedesystin most cases are faster and more

precise [34].

Advances in computer technology have produced gesaf interest in image analysis

during the last decade and the potential of thehrigjue for the guidance or control of

agricultural and food processes have been recafni3eries of studies have been

conducted in recent years to investigate the agipdic of computer vision technology to
5



sorting and grading of agricultural products. Labdensive manual processes that are
less efficient, accurate and effective induce tteeving need for automation in the food

industries of the developing countries [34].

In Ethiopia, technologies of image analysis or catapvision have not been explored in
a significant manner in the development of autoomaitn agricultural and food industries.
Particularly, Ethiopian coffee quality inspectios based on traditional ways of
classification and grading system [20]. Therefotiee implementation of imaging
technology in the sector will have a paramount irtgpme to facilitate commercial
activities by increasing efficiency, to sustain eegability of customer preferences and

to promote the market.

1.4. Objectives of the study

1.4.1. Main Objective
The main objective of this study is to identify fe&df bean features which enable to

measure the raw quality grade level of coffee bdgndesigning, analyzing and testing a
digital image analysis and processing model, basettie coffee bean morphological and

color features.

1.4.2 Specific Objectives

The specific objectives of this research are foatad as:

e Studying and understanding the determinant parasifgetors of physical
characteristics of coffee which are used to eveldhe raw quality value of a

given coffee sample.

» Studying the existing statistical calculations/canational tools that are used to
determine the grade level of a given coffee samplthe manual coffee bean

grading procedures.



» Extracting and analyzing coffee bean features #rat useful to classify and
determine the raw quality value of a representadmmmple, using image analysis

and processing methods.

* Developing a suitable model for the classificateord determination of the raw
quality value of sample coffee, using results & fudy and analysis of digital

coffee bean images, by employing various classifier

* Measuring the performance of the developed clasgifin models from the

prototype implementation or experimentation.

e Conducting comparative analysis for the accuracggredictions of coffee

quality by a human expert and the proposed compigem system.

1.5. Scope and limitations of the study

The research work is based on washed coffee prddacthe production year 2009/10,
from Wollega region. Grades 2-9 were under conatter for the purpose of the
research as the only samples during the data tiollephase. It is on the basis of this
dataset that the physical property (raw value) thfidpian coffee bean be studied for
modeling classification and raw quality value conapion systems using computer vision

systems.

Wollega coffee is chosen, due to the decentratinatheasures taken within the ECX,
restricting the Addis Ababa centre to deal withdarcts of the Wollega.

The nature of liquor quality value evaluation teiques, comprising the measurement of
parameters like odor, cup cleanness, acidity, Ewvff, limit the modeling tasks to utilize
only the raw quality value of the coffee gradingsteyn. It is however clear that a
combined and integrated assessment of both thibuaéts of raw quality and liquor
quality values could have generated a more meauliagid reliable grade determination

model.



The available smaller number of dataset can alsodi@ioned as an important limitation
in the research, thereby restricting the modelsadeised and the performances of the

utilized models.

1.6. Methodological approach

The computer vision based quality determination emaluation comprised the analysis
of images of coffee beans of varying grades fronll&ga region to identify and evaluate
the different parameters that are necessary tonguch the research. The major
attributes of focus with this regard are morphatagistructures (shape and size), and
color features, whose differential existence antinealaid the ground for understanding
and determining coffee quality, manifested througlv quality value in this particular
research. Statistical computations and relevanlyses and processing techniques then
enabled the final decision on the classificatiod determination of the various coffee
packages under surveillance in an efficient andenconsistent manner with meaningful
temporal speed. The details of the methodologipgak@ach in this research are given

below.

1.6.1. Data Collection and sampling technique

All sample coffee beans that are used for thisarebewere obtained from coffee and tea
quality control & liquoring center at Addis Abalmwing of the ECX accomplishing the
mentioned grading tasks. These samples used atifiedecoffee beans by domain

experts of the center.

A meaningful representative amount of washed cdfesn samples were taken from the
various grade levels of coffee from Wellega regias sorted by the centre. Coffee bean
samples from other regions with their respectiveedgs could not be accessed due to the
decentralization of the center into different regipwhere the Addis Ababa center deals
with processing of only the Wellega coffee. In a&iddi, samples from washed coffee
were the only available resources for the purpdsbeoresearch project since these were
the only available items under production and pssgy during the sample collection

period. Necessary attributes and statistical detasgarding the various samples have

8



been recorded from the tagged coffee bean packagesessed by the ECX experts

during the manual grading activities.

Grades 2 — 9 of the Wellega coffee were used ferpilrpose of this research, where
samples ranging from 2 to 4 were available for gatiy from each grade, summing up to
27 coffee bean samples, each weighing 300gms .ty &ard visibility of each coffee bean
and sound spacing between each coffee bean was@ortant task persuaded while
taking the images for further processing and amalysrposes. This forced re-sampling
of each of the 27 samples into 12 sub-samples gin&5weight, providing a total of 324
coffee bean images. All the sampled coffee beatiseofegion were harvested during the
2009/2010 production year. Table 1.1 shows detaidormation about the collected

coffee bean samples. A summarized descriptionrokga also shown in Tablel.2.
1.6.2. Digitizing sample coffee bean images

The level and quality of illumination affect digithg activities using computer vision
systems as with the human eye [25]. The performahdtiee illumination system greatly
influences the quality of an image and plays anortgmt role in the overall efficiency
and accuracy of the system, underlining the needranipulation of the illumination
system specifications like type, angle and the afseonstant light [19]. The aim is to
provide the digitizing system with uniform lightgnor balanced illumination.
Adjustments of the imaging environment with thevyismn of a suitably uniform light
and prohibition of the interference of externahtigg sources assisted attainment of a

uniform and balanced illumination for capturing ssnple coffee bean images.

The data acquisition system in this research pagdabncern with this regard to generate
clear, unbiased and simplified digital coffee besample database for further analysis
and processing. White background, with perpendicaal fixed orientation of imaging
with the beans suitably spaced for the sake of eAsegmentation activities comprises
the major adjustments of the data retrieval ph@ike.images captured likewise using a
digital camera were then transferred into a compudisplayed on a screen and stored on
the hard disk in JPEG format as digital color iesg
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1.6.3 Feature Extraction
Automated computer systems for classification, isgrtand grading of agricultural

products demand the extraction of relevant feattines characterize the items under
study. This research involved the extraction of photogical and color features from
digitized images of sampled coffee beans to gemamatiseful input database for raw
quality value classification. Color features of tb@mple coffee beans were extracted
from segmented coffee bean images resulting fratogiam tresholding. Morphological
features were extracted from the binary imagesywed by histogram tresholding of the

gray scale images of the original coffee bean cohages.

1.6.4. Model selection
Developing the raw quality value classification dems suitable and applicable selection

of models to run, compute and analyze the empidedhset generated through image
processing and analysis approaches. Atrtificial BHleNetwork, Naive Baye’s, and C4.5
classification model were employed to carry outitiiended tasks of developing the raw

quality value classifier.

The Naive Bayes classifier is also found an impudrtelassification approach that
requires a small amount of training data to estnthé parameters (means and variances
of the variables) necessary for classification [#p¢ural networks are data driven self-
adaptive methods in that they can adjust themsdlvethe data without any explicit
specification of functional or distributional forfar the underlying model. They are also
recognized as universal functional approximatarsghat the neural networks can provide
a projection of any function with an arbitrary acy [45]. In addition, C4.5 classifier
was found to be important for the classificatioolgem. It creates a decision tree based
on the attribute values of the available trainirzgadin order to classify a new item, by
identifying the attribute that discriminates theigas instances most clearly. Possibility
of higher information gain is raised as a consegedgnom the feature that tells most

about the data instances.
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1.6.5. Tools Selection

All sample coffee bean images were acquired usi@ylB color digital camera model
number DSC-W220 with specification of 12.1 megaefsix2.7 LCD screen, Carl Zeiss
Vario Tessar lens with wide-angle lens of 30mmjagptzoom 4x, full HD 1080. The
camera was mounted over the illumination chambemostand which provided easy

vertical movement.

Selection of the relevant image processing, classibn and regression tools is vital.
One important tool with this regard was the Imagelgram which runs for processing
and analysis of coffee bean images, particularly &otivities of pre-processing,
segmentation, and analysis and feature extraciiois. windows platform public domain
Java image processing program, inspired by Natiémstitute of Health [8], is open
source software. It was designed with an open ftaciuire in-order to provide
extensibility via Java plugins. It assists to digpledit, process, and analyze coffee bean

images in the process of coffee classification gradling.

The outcomes of extracted features of coffee beamges is represented using the
Microsoft Excel application program. The same aggtlon was used to drive new

features that represent the dataset and have nsoré@native power.

The neural network classification tool, the NeuroStons for excel version 6.0, and
Weka (Waikato Environment and Knowledge Analysi$).8were used for modelinge
classifier. Weka 3.6.4 is used to implement the Naive Bayes @#d classification
model. J48 is weka implementation of C4.5. Wekaa isnachine learning software,
written in Java, and developed at the University\dakato in New Zealand. It is open
source software.

1.6.6. Evaluation Technique

Each model was evaluated by running a test datasdhe classifier built using the
training dataset. The model performance of thesdiass was returned as an output that
contains performance matrices and percentage axcuraasures for each class, further

summarized into a confusion matrix. Confusion maisia kind of a contingency table,
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used to drive true positives, true negatives, falsgtives and false negatives indicating

the correct/incorrect allotment of samples intarthespective classes.

1.7 Layout of the thesis

General description for the state-of-affairs in feef grading and sorting, research
problem and motivation and fundamental methodobklgapproaches to achieve the
sought-after objectives in the image processing doffee bean raw quality value
classification is provided in this chapter onela# thesis report. The remaining parts are
organized in additional four chapters. Brief distaoss about machine vision systems,
existing sorting and grading approaches, imagegssing techniques, feature extraction
and classification approaches are explained intehawo of the report. In addition,
important related works are revised in this chapter

The scientific and technological state-of-arts paded in the research are clearly
explained in chapter three of the paper, with cdagei$ on the setup and overall design of
all sequential phases in the automated raw queditye classification experimentation
process. Basic procedures in developing, calibgatimalidating and evaluating
classification models are also elaborated in thiapter. Chapter four of this report
provides the details of the implementation of tleiaus stages in the raw quality value
classification model with the associated achievedmeand discussions. Finally,
conclusions and recommendations in the perspectitles research are given in chapter

five.
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2. Literature review

2.1. Machine Vision System
A machine vision system, which can be describethagechnological integration of a

camera and a computer, provides an alternativédartanual inspection of biological
products [15], whereby the automation contributesréducing operating costs and

increasing product value and quality.

Manual inspections of products using features toatelate with quality (like fruit size,
color and weight) are being replaced by machin@wisystems in different industries
with their acceptance widening in recent years.[16]

A wide amplitude of inspection, including defecttetgion, dimensional measurement,
orientation detection, grading, sorting and coumticould be conducted with such
automated techniques. Machine vision incorporateseral advantages over the
conventional methods of inspection. Capability efnig compatible with other on-line

processing tasks, taking dimensional measuremenrts atcurately and consistently than
a human being, and provision of measure of coldrraarphology of an item objectively

than subjectively could be some of these. The aesaif physical contact involved

makes this method more hygienic and the possibilitylamage during inspection to
fragile biological products is very low [25].

Additional benefit of machine vision systems is then-destructive and undisturbing
manner in which information is attained [44], ind&obn to its attractive feature in that it
can be used to create a permanent record of angumgaent at any point in time [39],
[24].

2.2. Coffee processing and grading

Coffee processing involves all the activities fooneerting raw coffee fruit into

commodity green coffee. The cherry has the fruipolp which will later be removed

leaving the seed or the coffee bean [4]. Varioushods are employed for processing
13



coffee, each of which with a significant effectttwe flavor of roasted and brewed coffee.
The most commonly applied methods of processingr dfaving the coffee package

harvested and picked, are wet process and dry gsoce

The wet process involves removal of the fruit cowvgrthe seeds/beans before drying.
Coffee processed by the wet method is called watgssed or washed coffee [4]. The
wet method requires the use of specific equipmants substantial quantities of water.
After the green coffee is picked, the coffee igediby immersion in water. Bad or unripe
fruit will float and the good ripe fruit will sinkThe skin of the cherry and some of the
pulp is removed by pressing the fruit by machinavater through a sieve screen. The
beans could still contain a significant amounthra pulp clinging to it, demanding further

cleaning.

Dry process, also known as unwashed or naturaleepffs the oldest method of
processing coffee. The entire cherry after harie$tst cleaned and then sun-dried by
placing on tables or thin layers on patios. Theindyyoperation is the most important
stage of the process, since it affects the finalityuof the green coffee. A coffee that has
been over dried will become brittle and produce toany defective broken beans.
Insufficient drying also will facilitate the susdéplity of the coffee to fungal and

bacterial attacks due to the inherent higher mmstoontent that is a conducive

environment for the proliferation of such damagaggnts.

There is no international standardization of coffeelity, as coffee is graded by a set of
characteristics peculiar to each producing coutrgample of beans is taken from a bag,
judged according to the standards of a particubamtry, and the sack of beans from
which the sample was taken is given a quality gatgood or bad, depending on the
outcome of the assessment. Due to the variatioolassifications of grades, quality

standardization and the descriptive terminologissduamongst producing countries,
interpretation of the quality of coffee is difficuidemanding realization of the grading

systems for each specific country. Starting froee sletermination, a standardized screen
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size is used by each specific producing countrydietermining the real size of coffee

beans, as large or small.

Raw quality evaluation and liquor value analysks thie two major components of coffee
quality inspection in Ethiopia, the weight of edoh the total grading being 40% for the
former and 60% for the later. These two methodsuaigersally accepted systems in
both coffee producing and consuming countries tadldo the quality control system of

respective countries.

Moisture content and bean size are the parametatsate preliminarily tested in the
coffee grading process. The upper limit of moisttwatent is 11.5%. The lower limit of
screen size for Ethiopian coffee bean is 14 umitggere 1 unit is 1/64 of inch [20]. For
values lower than this, the coffee is considerethfsior quality and no further analysis
of grading proceeds. With regard to elevated mméstinan the upper limit, further

reprocessing is recommended to minimize the ma@stantent.

Visual inspection and numerous manual techniquesused to assess the physical
properties of coffee in raw quality analysis. Thesmimportant physical properties for
this purpose are shape, size, color, uniformityiregularity and defect count of the
coffee bean [4], [20].

Chemical properties of coffee are investigated wite other component of grading,
liquor value analysis, which relies on human sefdest to identify and classify coffee.
The parameters in this case are acidity, body Evdif. Acidity is a primary coffee taste
created as the acids in the coffee combine with ghgars to increase the overall
sweetness of the coffee. Body refers to the texaucesensation of coffee in the mouth;
for example, light or heavy feelings of the coffddavor is an aroma or the smell
perception of the elements present in roasted €oBach of these parameters account for
20% of the total 60% weight for the liquor valuabysis.
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Coffee bean features

The most common features important for gradingemffomprise appearance (bean size,
uniformity, color), number of defective beans pamsgle, cup quality, which includes

flavor and body, and the extent to which beansaléand evenly roasted.

Coffee beans are examined closely for several rdiftetraits. Similarity in shape and
uniformity in size are very important in terms dfeating the evenness of roasting [18].
Roasting coffee beans of varying shape and sizétséa uneven roasting since smaller
beans tend to roast differently than larger sizednls, leading to the browning and

popping of some individual beans before others.

The color of beans is also of paramount importdnaesoffee graders as uneven coloring
reflects dissimilarity in the rate of drying. Itsal suggests that the beans were mixed from
a variety of cultivators, implying inconsistent\ita and roasting. It is important that
beans are separated geographically and by cultiiatoa quality product. Separate
harvest, processing and drying are preconditions fgood brew. Graders also smell the
coffee beans, as a good bean releases a fresh.drmadaquate processing adds a musty

or smoky hint to the aroma, which is an undesinedity in a cup of coffee [18].

Coffee grading process using raw quality analysithe manual system utilizes mostly
morphological structures like size, shape and cdeatures of the coffee beans.

Generally, there are 14 parameters used in the ahagstem, being:

» Pod: coffee bean with its seed coat not removed.

* Immature: a coffee bean harvested as a pre-matoipe c

* Insect damage : one affected by insects

» Broken : with some part of the coffee bean brokeremoved
» Foxy : brownish colored coffee beans due to somead@s

* Green : ajuvenile and immature coffee bean

* White : an important parameter reflecting improgterage

» Black : dark colored coffee beans due to over-drgnd a total damage
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» Soiled : beans containing soil cover
* Spongy : a parameter showing moldy beans due tetorge and damage

+ Stone

» Stick Refer to external materials mixed with the coffee beamd considered :
« Wanza defects.

+ Earth

Each of the above mentioned coffee bean paramebssess pre-determined importance
values for the purpose of raw quality value deteation, depending on the effect they
exert on the nature and quality of the sample eof#®ith this, the existing ones of the
mentioned parameters will be identified and grouped their respective types for a
given sample coffee bean. Each parameter typethet be counted and multiplied with
its pre-determined importance value. The value aafhewill then be summed up and

converted to 40% to determine the raw quality vaithat particular sample.

With this regard, morphological structures and cdkatures of coffee bean are of
paramount importance for manual coffee raw qua@rading purposes. As a result, it is
clear that those parameters that are correlatddgonanual parameterization needs to be

employed in automating the coffee raw quality gngdsystem.

2.3. Digital Image Processing

An image may be defined as a two-dimensional foncti(x, y), wherex andy are
spatial (plane) coordinates, and the amplitudé af any pair of coordinate, y) is
called the intensity of the image at that point.aWk, y, and the amplitude values bf
are all finite, discrete quantities, we call theage a digital image. In a most generalized
way, a digital image is an array of numbers depictipatial distribution of a certain field
parameters (such as reflectivity of electromagnetdiation, emissivity, temperature or
some geophysical or topographical elevati@z).

A digital image is composed of a finite number tdneents, each of which having a

particular location and value. These elements @fierned to as picture elements, image
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elements, pels, and pixels. Pixel is the term madéely used to denote the elements of a
digital image [32].

Digital image consists of discrete picture elemeraed pixels. Associated with each
pixel is a number represented as DN (Digital Nurpltieat depicts the average radiance
of relatively small area within a scene, with DNues normally ranging of from 0O to 255
in 3 elements or 0 to?21 in single numbering. The size of this area effeihe
reproduction of details within the scene. As thespBize is reduced more scene detall is
preserved in digital representation.

The field of digital image processing refers toqassing digital images by means of a
digital computer. Digital image processing involvefficient techniques of data
acquisition and retrieval through sound image regméation, display, pre-processing and

segmentation approaches.

2.3.1. Image Representation and Display

The overall objective of all the ways to acquireages is to generate digital images from
sensed data. The output of most sensors is a contnvoltage wave whose amplitude
and spatial behavior are related to the physicenpmenon being sensed. Conversion
and representation of the continuous sensed dataligital form is required to create a

digital image. Sampling and quantization models en@ortant tools by providing

systematic procedures for such conversion and septation tasks [20].

An image may be continuous with respect to the nd g-coordinates, and also in
amplitude. To convert it to digital form, the fuimet needs to be sampled in both
coordinates and in amplitude. Digitizing the cooede values is called sampling,
providing the set of pixels. Digitizing the amptiel values, which is the gray level, is
called quantization [43]Quantized images are commonly represented as kgigeabs

encoding color/brightness information in matrixrforFigure 2.1 models the broad route

in the transformation process employing samplind) guantization.
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Fiaure 2.1: Samplina and Quantization Proce

2.3.2. Image pre-processing

Image pre-processing refers to the various iniiahge enhancing techniques of the
captured raw images. The images captured showtllfe transferred onto a computer
and be converted to a digital image. Digital imagbesugh displayed on the screen as
pictures, are digits readable by the computer aedcanverted to tiny dots or picture

elements representing the real objects [25]. Aeseof image pre-processing techniques
precede the analysis and processing activitiesertilance image quality and avoid

distortion, for a valuable information retrievaB[1

Uncontrolled information during the capture of irrags also checked by noise removal
procedures of image pre-processing [25]. Electrowise and noise resulting from the

data transfer process from the camera to the canmain be removed using different

types of filtering techniques presently in use.

Image pre-processing is the term for operationsinages at the lowest level of
abstraction. These operations do not increase imafggmation content but they
decrease it if entropy is an information measu®.[Zhe aim of pre-processing is an
improvement of the image data that suppresses mededistortions or enhances some

image features relevant for further processingaralysis task.
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2.3.3. Image Segmentation
Image segmentation is an essential component ofyjagmanalysis technique that

determines the quality of the final outputs. Imaggmentation enables to discriminate
objects from background, into non-overlapping sktalso subdivides an image into its
constituent parts or objects [37]. The level to abhithis subdivision is carried out
depends on the problem being viewed. Segmentatiemivies partitioning of an image
into a set of homogeneous and meaningful regionsh ghat the pixels in each
partitioned region possess an identical set of gnogs or attributes. These sets of
properties of the image may include gray levelsitiast, spectral values, or textural
properties. Three popular image segmentation tgalsi thresholding, edge-based, and

region-based techniques are described next assdisdun [29].
A) Thresholding

The operation of separating objects and backgrontadnon-overlapping sets involves
employment of a simple but effective tool for imaggmentation, thresholding [1], [40].
Thresholding is used in characterizing image regjibased on constant reflectivity or
light absorption of their surface. This shows thet tthat regions with similar features are

characterized and extracted together.
B) Edge detection

Edge detection is a fundamental tool used in mogtge processing applications to
obtain information from the frames as a predecestsy to feature extraction and object
segmentation. This process detects outlines ofbggrband boundaries between objects
and the background in the image. An edge-detedtien can also be used to improve the
appearance of blurred image. Edge detection is mowenmon for detecting
discontinuities in gray level than detecting isethtpoints and thin lines, as isolated
points and thin lines do not occur frequently instnpractical images [37]. There are
different methods of edge detection techniquesitinly Sobel Operators, Roberts Cross
Edge Detector and Canny Edge Detector Technique.
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The Sobel operator performs a 2-D spatial gradisedsurement on an image. Typically
it is used to find the approximate absolute gradieagnitude at each point in an input
grayscale image. The Sobel edge detector uses @fpadx3 convolution masks (figure

2.2), one estimating the gradient in the x-diret{icolumns) and the other estimating the

gradient in the y-direction (rows).

-1lo |1 I 2|1
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Figure 2.2: The Sobel convolution masks

The Roberts Cross operator performs a simple, quwokompute, 2-D spatial gradient
measurement on an image. It thus highlights regmfnkigh spatial frequency which
often correspond to edges. In its most common ysthgeinput to the operator is a
grayscale image, as is the output. Pixel valuesaah point in the output represent the
estimated absolute magnitude of the spatial gradénhe input image at that point.

Figure 2.3 shows Roberts cross convolution mask.

£ |0 0|+l
0 (-1 -1 0

Figure.2.3.Roberts cross convolution mask

Canny technigue is very important method to findje=dof an image and the critical
value for threshold, after isolating noises frora image, with this noise detection having
no adverse effect on the features of the edgdweimtage [37].

C) Region Based

Region based segmentation involves the groupingtheg and extraction of similar
pixels to form regions representing single objeethin the image. In this process the

other regions are deleted leaving only the feabfiraterest.
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The image is partitioned into connected regiongioyping neighboring pixels of similar
intensity levels [10], in the beginning. Adjacemrigions are then merged under some
criterion involving homogeneity within resulting ggaents, inhomogeneity across

neighboring segments or sharpness of region boiasdar
2.4. Feature extraction

Retrieval and measurement of agricultural prodwedtdres like size, color, shape,
position and contour measurement via edge detectind linking, and textural

measurements on regions for better classificagbers tofeature extractionFocus is on

the enhancement of indexing and retrieval by usergpous methods of capturing visual
content of images. The issue of choosing the rigatures worthy of being extracted is
guided by a number of concerns including their pes®n of ample information about
the image, ease in computation and rapid retriewal consistence with the human

perceptual characteristics [33]

Feature extraction focuses on a set of specificlaligwn features characterizing the
application domain, probably with some consideratifor non-overlapping or
uncorrelated features [19]. As a formative procedirvarious attributes and properties
associated with regions or objects, it operatesniyjan abstracted image information
obtained through segmentation [9]. The image objeould be measured and described
based on their features and characteristics aftepep completion of the image
segmentation of the external grading system proaktte samples.

2.5. Classification approaches

Recognition of the characteristics of objects inraage from a specific set of measured
values of features of the object facilitates theatdication of an image into various
classes with similar features. This is the coreirass of design of classifiers, which
utilizes specified features of an object as itsutsp thereby generating a classification
label or value depicting the correct class allottnainthe object. A set of objects with
predefined labels or values- the learning set-sasethe immediate basis for this

mechanism.
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Though various techniques of classification mectrasi are applied for the mentioned
tasks of object recognition, this paper tried taldeith the Naive Bayes, C4.5 and the

Artificial Neural Network classifiers, being dedmed as in the following sections.

2.5.1. Naive Bayes Classifier

A naive Bayes classifier is a simple probabilistiassifier based on applying Bayes'
theorem (from Bayesian statistics) with strong \{@piindependence assumptions. A
more descriptive term for the underlying probabilihodel would be "independent
feature model". In simple terms, a naive Bayessdias assumes that the presence (or
absence) of a particular feature of a class islate@ to the presence (or absence) of any
other feature. For example, a fruit may be consid¢o be an apple if it is red, round, and
about 4" in diameter. Even though these featurgemtk on the existence of the other
features, a naive Bayes classifier considers altheke properties to independently
contribute to the probability that this fruit is apple. Despite its simplicity, Naive Bayes

can often outperform more sophisticated classiboamethods [23].

Bayes rule helps as the foundation for designingrniag algorithms or function
approximators. As the interest is to learn somgetafunction describing X independent
and Y dependent variables that can be explainéd 4s»Y, or equivalently, P(¥X), the
training data is used to learn estimates of POqivd P(Y). New independent attributes
can then be classified using these estimated piidpadistributions, plus Bayes rule.
This type of classifier is called a generative sifier, as it allows view of the distribution
P(X|Y) as describing how to generate random ingsn€ conditioned on the target
attribute Y [21].

Depending on the precise nature of the probabitibglel, naive Bayes classifiers can be
trained very efficiently in a supervised learnirgt®g. In many practical applications,

parameter estimation for naive Bayes models ugem#thod of maximum likelihood.

The Naive Bayes algorithm is based on the Bayesthat assumes the attributes . XX,

are all conditionally independent of one anothereig Y (the dependent variable). This
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assumption enables to dramatically simplify ther@spntation of P(X|Y) and the problem
of estimating it from the training data. Considér example, the case where X =
(X1,X2). In this case
P(X[Y) = P(%,X2|Y)
= P(X|X2,Y)P(X2lY)
= PXX[Y)P(XalY)

Where the second line follows from a general priypef probabilities, and the third line
follows directly from our above definition of coridinal independence. More generally,
when X contains n attributes which are conditionaitiependent of one another given Y,
we have

P(OX.. X0|Y) =TT, P(Xi]Y) 1)

Notice that when Y and the Xi are Boolean variabige need only 2n parameters to
define P(X= xk|Y =y ]) for the necessary i,j,k. This is a dramaéeduction compared
to the 2(2-1) parameters needed to characterize P(X|Y) ifmake no conditional
independence assumption.

Let us now derive the Naive Bayes algorithm, asagnm general that Y is any discrete-
valued variable, and the attributes. XX, are any discrete or real valued attributes. Our
goal is to train a classifier that will output thebability distribution over possible values
of Y, for each new instance X that we ask it tessify. The expression for the probability

that Y will take on its R possible value, according to Bayes rule, is

P(Y = WlX1...Xn) = P(Y = WP(X1... XalY = W)
LjP(Y = y)P(Xe XalY =y)

where the sum is taken over all possible valuesof Y. Now, assuming the Xi are

conditionally independent given Y, we can use equdfl) to rewrite this as

P(Y = wiXe...Xr) = P(Y = WII, PCXIIY = )
Zj P(Y = y) IL P(XIY = y) e
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Equation (2) is the fundamental equation for thevBldayes classifier. Given a new
instance X®" = (X;... X;), this equation shows how to calculate the prdiigkihat Y
will take on any given value, given the observetditatte values of X" and given the
distributions P(Y) and P(Rr) estimated from the training data. If we areerested only

in the most probable value of Y, then we have thev&lBayes classification rule:

Y « argmax = P(Y = YIT, P(Xi|Y = W)
YO ZiP(Y =y ILPXIY = )

this simplifies to the following (because the defwator does not depend on

yk).
¥ argmax = P(Y = yIT. POXi|Y = W) (3)
yk

An advantage of the naive Bayes classifier is thegquires a small amount of training
data to estimate the parameters (means and vasiaicthe variables) necessary for
classification. Because independent variables aseimaed, only the variances of the

variables for each class need to be determinedhanthe entire covariance matrix.

2.5.2. C4.5 classifier

C4.5 is developed by Ross Quinl@i], is an algorithm used to generate a decision tree
that can be used for classification, and for tlaspn, C4.5 is often referred to as a

statistical classifier

C4.5 builds decision trees from a set of trainiagad using the concept of information
gain ratio[13]. Thetraining data is a s& = s,S,,... of already classified samples. Each
samples = Xp,%,... IS @ vector wheng,X,... represent attributes or features of the sample
The training data is augmented with a ve€cr c3,Cy,... Wherecs,Cy,... represent the class

to which each sample belongs.

At each node of the tree, C4.5 chooses one attribiuthe data that most effectively splits
its set of samples into subsets enriched in onssata the other. Its criterion is the

normalized information gair(difference in entropy) that results from choosiag
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attribute for splitting the data. The attributewihe highest normalized information gain

is chosen to make the decision. The C4.5 algorttien recurs on the smaller sub-lists.
This algorithm has a few base cases.

« All the samples in the list belong to the sames:l&8hen this happens, it simply
creates a leaf node for the decision tree sayimfpdose that class.

« None of the features provide any information gé&mthis case, C4.5 creates a
decision node higher up the tree using the expeake: of the class.

« Instance of previously-unseen class encounteredinA@4.5 creates a decision

node higher up the tree using the expected value.
This algorithm is useful to create decision treds whe following advantages:

« Handling both continuous and discrete attributés erder to handle continuous
attributes, C4.5 creates a threshold and thenssghi¢ list into those whose
attribute value is above the threshold and thoseate less than or equal to it.

- Handling training data with missing attribute vaueC4.5 allows attribute values
to be marked as ? for missing. Missing attribute@s are simply not used in gain
and entropy calculations.

- Handling attributes with differing costs.

- Pruning trees after creation - C4.5 goes back tirothe tree once it's been
created and attempts to remove branches that doefoty replacing them with

leaf nodes.

Some premises guide this algorithm, as is mentidedalv [12]:

« if all cases are of the same class, the treeleaf and so the leaf is returned labeled
with this class;

« for each attribute, calculate the potential infation provided by a test on the attribute
(based on the probabilities of each case havirgytecplar value for the attribute). Also
calculate the gain in information that would redtdim a test on the attribute (based on
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the probabilities of each case with a particulalu@afor the attribute being of .a
particular class);

» depending on the current selection criteriond fime best attribute to branch on.

This process uses the “Entropy”, i.e. a measutbhetlisorder of the data. The Entropy of

'y’is calculated by:

Entropy Ty ) =X7= lvillog lyjl
1 Tyl

iterating over all possible vaIuesB'fy. The coiodial Entropy is

Entropy(Ty) =__p|/jlo? 'Il
y
and finally, we define Gain by

Gaiﬁ( Y, )= Entropg/fy - Entrc(ijy_y'))
The aim is to maximize the Gain, dividing by ovegitropy due to split argumemty by
value j.
Prunning is also an important step to the resutiabse of the outliers. All data sets
contain a little subset of instances that are relt-defined, and differ from the other ones
on its neighborhood. After the complete creatiorthaf tree, that must classify all the
instances in the training set, it is pruned. Thitireduce classification errors, caused by

specialization in the training set; this is donenake the tree more general.

2.5.3. Artificial Neural Network

Networks assist to model a wide range of phenomemosarious disciplines including
physics, computer science, biochemistry, mathematic telecommunications [6], as the
constituent parts of most of their systems couldséen as a network of say proteins,
computers, communities, etc. Networks vary enortyous type, though all are
characterized by two broad components, a set oés)aahd connections between these
nodes. The nodes can be seen as computational Théyg receive inputs, and process
them to obtain an output.
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One type of network sees the nodes as ‘artificelrans’. These are called artificial
neural networks (ANNSs). An artificial neuron is angputational model inspired in the
natural neurons. Natural neurons receive signateuth synapses located on the
dendrites or membrane of the neuron. When the lsigmmeived are strong enough
(surpass a certain threshold), the neuron is detivand emits a signal through the axon.

This signal might be sent to another synapse, dagttractivate other neurons.

Artificial neural networks (ANN) are among the newaignal-processing technologies
serving two important functions: pattern classdfiand non-linear adaptive filters [26].
ANNs can identify and learn correlated patternswieen input datasets and
corresponding target values. After training, ANN& e used to predict the outcome of

new independent input data [8].

The non-linear nature of the neural network praogselements provides the system
with lots of flexibility to achieve practically anglesired input/output map, i.e., some
Artificial Neural Networks are universal mapper$. [8 value describing style in neural

computation is represented in figure 2.4.
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Figure 2.4: The style of neural computation [6].

This model is a variety of supervised training véhan input is presented to the neural
network providing a corresponding desired or targetponse as an output. The
discrepancy between the desired response and #tensyoutput comprises an error,
where this information is fed back to the systermatijust the system parameters in a
systematic fashion as asserted by the learning fitle process is repeated until the

performance is acceptable.
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In artificial neural networks, the designer chooses architectural setup, topology of a
network, the performance function, the learningraind the criterion to stop the training
phase. ANN-based computations are recognized far t#dvantages in development
time, resources and provision of much better peréorce under difficulties than other
technologies. A back-draw of this technology inésdhe difficulty to introduce ‘a

priori’ information into the design as the systeumtomatically adjusts the parameters. In
addition, when the system does not work properly #lso hard to incrementally refine

the solution.

2.5.2.1. Neural Network topologies

Two most widely used topologies of ANN technologg described in detail below.

1. Feed-forward neural networks allow signals to travel one way only; from ingat
output [8]. The data processing can extend ovettiphel(layers of) units, but no
feedback connections are present, that is, cormmmecéxtending from outputs of units
to inputs of units in the same layer or previoyfa [26].

2. Feed-Back/Recurrent neural network:can have signals traveling in both directions
by introducing loops in the network [8]. Contrany teed-forward networks, the
dynamical properties of the network are importdnt.some cases, the activation
values of the units undergo a relaxation proces$ shat the neural network will
evolve to a stable state in which these activatdmaot change anymore [6]. In other
applications, the changes of the activation valeésthe output neurons are

significant, such that the dynamidahavior constitutes the output of the neural ngtw

2.5.2.2. Training of artificial neural networks

A neural network has to be configured so that the application dtzof inputs produces
(either 'direct’ or via a relaxation process) tlesited set of outputs. Various methods to
set the strengths of the connections exist. Oneisvay set the weights explicitly, using a
priori knowledge. Another way is ttrain' the neural network by feeding it teaching
patterns and letting it change its weights accgrdm some learning rule. The learning

situations can be categorized in to three dissodis. These are:
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Supervised learning or Associative learningin which the network is trained by
providing it with input and matching output patterifhese input-output pairs can be
provided by an external teacher, or by the systdmetwcontains the neural network

(self-supervised) as it is represented in figure 2.
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Figure 2.5: Training of artificial neural networldsing supervised learning.

Unsupervised learningor Self-organizationin which an (output) unit is trained to
respond to clusters of pattern within the input. this paradigm the system is
supposed to discover statistically salient featwfethe input population. Unlike the
supervised learning paradigm, there is no a psetiof categories into which the
patterns are to be classified; rather the systeist aevelop its own representation of
the input stimuli.

Reinforcement Learning This type of learning may be considered as anrnradiate
form of the above two types of learning. Here #rthing machine does some action
on the environment and gets a feedback responseth® environment. The learning
system grades its action as good (rewarding) or (pashishable) based on the
environmental response and accordingly adjustsatameters. Generally, parameter
adjustment is continued until an equilibrium stateurs, following which there will
be no more changes in its parameters. The selfigg neural learning may be

categorized under this type of learning.
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2.6.2.3. The Backpropagation Algorithm

The backpropagation algorithm is used in layerextifiorward ANNs [6]. This means
that the artificial neurons are organized in layarsd send their signals “forward”, and
then the errors are propagated backwards. The neteoeives inputs by neurons in the
input layer, and the output of the network is gii®nthe neurons on an output layer.
There may be one or more intermediate hidden laydre backpropagation algorithm
uses supervised learning, which means that theitdgowith examples of the inputs and
outputs to be computed by the network will be pded. This enables calculation of the
error (difference between actual and expected t®sulhe idea of the backpropagation
algorithm is to reduce this error, until the ANNatas the training data. The training
begins with random weights, and the goal is to stdfhem so that the error will be

minimal.

2.5.2.4. Advantages and disadvantages of ANN

Although computing these days is truly advancedrehare certain tasks that a program
made for a common microprocessor is unable to parfothough a software

implementation of a neural network can be made thigir advantages and disadvantages

[6].

2.6. Related works

Over the past decade, advances in hardware andaseffor digital image processing
have motivated several studies on the developnfesysbems, to evaluate the quality of
diverse agricultural products. The majority of thasudies are focused on the application
of computer vision system to agricultural produgtsality inspection and grading.
Computer vision based inspection and grading ofleappranges, strawberries, nuts,

tomato, mushrooms, wheat, corn and rice are example

The study of apples using computer vision hasa#damuch interest and can reflect the
progress of computer vision technology for fruitspection. An image processing

algorithm based on Fourier expansion was develdpedharacterize objectively the
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apple shape, assisting to identify different phgpes [30]. In this research, it was shown
that four images per apple were needed to quatiidyaverage shape of a randomly
chosen apple. It was found that this profile analgan be used to characterize existing
shape descriptor lists. The researchers used Foamaysis of apple peripheries as
quality inspection/classification technique. Thigthodology gave an insight into the
ways in which external product features affect tluenan perception of quality. This
research revealed the fact that the involvementmofe product properties in the
classification and their more complex nature insesahe error of human classification.

An experimental investigation of the use of computsion in sorting fresh strawberries,
based on size and shape, showed a result thaetstoged system was able to sort the
600 strawberries tested with an accuracy of 94-88&othree grades based on shape and
five grades on size [22].

Subsequent researches employing machine visiotettify different varieties of wheat
and to discriminate wheat from non-wheat componeet®aled the fact that wheat
classification methods could be improved by comimncomputer vision analysis and
hardness analysis [44]. Twenty three morphologifedtures were used for the
discriminant analysis of different cereal graingangsmachine vision. Classification
accuracies of 98, 91, 97, 100 and 91% were recdae@WRS (Canada Western Red
Spring) wheat, CWAD (Canada Western Amber Durumgathbarley, oats and rye,
respectively. The relationship between color andute features of wheat samples to
scab infection rate was studied using a neural orétwethod [16].

In order to preserve corn quality, it is importémtunderstand its physical properties and
assess potential mechanical damages so as to degignum handling and storage
equipments [27]. Measurements of kernel length tlwahd projected area independent
of kernel orientation have been performed usinghimecvision. The algorithm accuracy
was between 0.86 and 0.89 measured by the coorlatefficient between predicted
results and actual sieving for a 500g sample. Tiloegssing time of the size-grading

program was reported as being between 0.66 andsecthd per kernel.
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As rice is one of the leading food crops of the Idoits quality evaluation is of
importance to ensure it remains appealing to coessinA digital image analysis method
was developed for measuring the degree of millihgae, whose comparison with the
conventional chemical analysis provided a coefficigf determination of R= 0.9819 for
the 680 samples tested [14]. In China, an imagdysisatechnique was developed
recently to identify rice seed varieties using aurak network model for pattern
classification. It used MATHLAB 6.5 programming fmge to extract color and
morphological features of individual seeds. Fronocteatures of the mean and variance
of RGB components were calculated. Six varietigg98, syz3, xs11, xy5968, xy9308,
z903) rice seeds, which are widely planted in Zmgi Province of china, were
considered for the research work. The experimantatiesult indicated that the
classification accuracies are 90%, 88%, 95%, 8248%0,780% for ey7954, syz3, xsl1,
xy5968, xy9308, z903 respectively

A digital image analysis technique based on mogdiodl and color features was
developed to classify different varieties of Eth&pcoffee based on their growing region
[20]. For the classification analysis, ten morplyidal and six color features were
extracted from each coffee bean image. The protgssipe of coffee (washed or
unwashed) has been also predefined during the isalye also compared classification
approaches of Naive Bayes and Neural Network dlassion each classification
parameter, i.e., morphology, color and combinatminthe two. To evaluate the
classification accuracy, from the total of 4844adats, 80% were used for training and
the remaining 20% for testing. The classificatiopstem was supervised at the
corresponding predefined classes of growing regidosordingly, it was found that the
classification performance of neural networks cfesswas better than Naive Bayes
classifier. It was also described that the disaration power of morphology features was
better than color features; however combined udstif morphology and color features
resulted increased classification accuracy. Thd bkssification accuracies (80.7%,
72.6%, 56.8%, 96.77%, 95.42% and 69.9% for Baleakl@dimma, Limu, Sidamo and
Welega, respectively) were obtained using neurbhorks when both morphology and

color features were used together. The overalkiflaation accuracy was 77.4%.
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It can be concluded from the above researchesrtbgihological structures and color are
the most viable features used in computer visi®stesys for inspection and grading of
agricultural products. As a classification techmigArtificial Neural Network is the most

appropriate technique for classification, inspectamd grading of agricultural products,

especially coffee.
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3. Design of the model

3.1. Introduction
The inspection and grading of coffee products shdid understood as a complex and

systematic series of a process whereby numerousephatarting from region
identification to the final grading of the coffeedns are accomplished objectively and

rationally.

The initial stage in the grading process is preparaof the raw coffee bean samples.
These raw coffee products might come from differemiffee producing regions, each
with its own quality and characteristic featurefisTdemands for classification of the
arrival coffee beans into their respective souregion. The so far mentioned
morphological and color features are the parametsetul to carry out this sorting by
region. Such region classifier models were devalgmeviously for six coffee producing
regions of Ethiopia by Habtamu, 2008, yielding assification accuracy of 77.4%.

As shown in the general procedures of coffee psiogs (figure 3.1), region
classification is followed by the activity of pretion of the raw and liquor quality values
of the coffee bean samples. A series of team-baspéests of roasted sample coffee
beans provides an averaged liquor quality value ddntribution of these values to the
prediction of the coffee bean grade comprises 46f4adw quality and 60% for liquor
quality values. The final grading of the samplefeefbeans for each sample of a given

region will then be decided by summing up theipessive values for the liquor and raw

Raw quality
value
4 Gradkt ||

gualities accordingly.

Coffee bear Region
Samnl Classification

Figure 3.1 General procedures of the coffee grapingess.
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Unlike the liquor quality value of coffee beans whiis dependent on subjective
decisions, the raw quality value can be computeeatibely and scientifically for a

meaningful sorting, classification and grading msgs of coffee beans and other
agricultural products. This requires the developmeh an automated system with

minimum human error and bias in the grading pracess

With this regard, this research aims to model doraated computer vision system which
assists to determine the raw quality value of sanguffee beans by using image
processing techniques. Training of the learning ehby feeding data on pre-known raw
quality values and selected coffee bean featuregpiees the core task of this work,
whereby further modeling and evaluation of the wvkn raw quality values for certain

sample coffee beans is made possible using thetsél&ature vector of that sample as

an input into the simulators.

The learning model development is made to the dlvecenbined morphological and

color feature attributes of the sampled coffee bederformance evaluation of the
simulated models is produced as an output fromctassifiers, depicting performance
matrices, statistic values, percent correctly/inectty classified and confusion matrices.
Further evaluation and analysis of the classifimyald also be conducted by running
regression models, generating a statistical insighthe relation between the raw quality

values and the coffee bean attributes used in thaehmg process.

3.2. Coffee raw quality value classification

The problem of classification is concerned with doastruction of a procedure that can
be applied to differentiate items, in which eaciwiitem must be assigned to one of a set

of pre-defined characteristic classes on the lidsabserved attributes or features.

Accordingly, image analysis or computer vision lshs$echniques were employed to
determine the raw quality value of Ethiopian ceffey assisting characterize and
formulate distinct pre-defined classes that seraedthe basis for assigning the new
samples beans into their respective fit classes. die-defined classes depend on the

values of the morphological and color features oatexh from coffee bean images.
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The captured images for the purpose of this rekasece transferred into a computer and
pre-processed for activities like noise reductiorgnhance the images for accurate use in

extracting the necessary features using image sisaynd processing techniques.

Further computations were made on the coffee beaturies to generate simplified and
representative data, which promoted further devetyg of the final model. Generation
of aggregate values and model based feature selestre important steps to proceed
with the model simulation. Appropriate clusteringdaclassification approaches were
employed to classify a given sample to the fittocagegory using the generated data as
input. Figure 3.2. depicts the various phases eyepldo develop a simulation model that
assist determination of raw quality value.

Coffe bean Enhanced

Coffe bean
Samples Image
B —— Acquisition

maes liner= images Feature

» processing

\ 4

Extraction

Morphological and
color features

A

Classification

'

Grouped Raw quality
Values

Figure 3.2: Raw quality value classification praces

3.3. Image acquisition

A series of computational processes and mechaniggns accomplished repeatedly in
the image capturing stage, till the most approeriatd suitable status was achieved
finally. lllumination, background, coffee bean siag distance between the sensor and
the scene, camera adjustment and manageable sampleselection were the most
important issues worthy of manipulations for acogrclear images with less noise in

this controlled experiment.
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All coffee bean sample pictures were taken fromxadf height (0.5 m) oriented in a
perpendicular manner directly above the sampleeeoffeans to retain uniformity
between all the image pictures of the samples (Ei§u3). The camera was mounted on a
stand with the mentioned elevation of 0.5m abowe libans for the sake of enabling
simple movement vertically and to avoid blurredtynes. A white background table was
used to arrange the sample beans captured fotyctard unbiased pictures. The coffee
beans were well spread out up to a maximal spatiaigthe fixed image capturing area
allowed. This was meant to avoid any coffee bear-tapping or touching particles, that
could constraint further processing and analysighef images, like in segmentation

phase.

To obtain uniform lighting or balanced illuminatioan incandescent lamp whose light
source was 100W with a rated voltage of 220V waslus all experiments. The images

were taken at a resolution of 1632 x 1224 pixels.

All the captured images were then transferred @otmputer and used as input data by the
image processing software to carry out the necggsacesses and analysis. Figure 3.4.
shows a sample coffee bean image captured undeteeibed environment and ready

for application in further automated image proaegsi

DSCO0D75. PG (50%)
THT51041 piels, RGB, 1 11B

Figure 3.3. The image capturing environmengigure 3.4. A sample coffee bean image
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3.4. Coffee beans Image Processing

The "act of examining images for the purpose ohiifging objects and judging their
significance" can represent a meaningful definifienimage processing. This technique
utilizes sensed data, the logical processes addtsction, identification, classification,
measurement and evaluation assisting in undersigritie significance of physical and
cultural objects, their patterns and spatial retathips [32]. Likewise, this classification
system of coffee products is primarily comprisedaotombination of hardware and
software, to capture images of the coffee bean lemmgt the simulated sample station

and perform image processing with a high perforreaimmputer.

Major steps of image representation, pre-processsggmentation and extracting
necessary information comprise this image procgsginereby images are handled in
mechanisms ranging from efficient ways for trandéfgr these images to computers to

enhanced images using suitable media for the rexdldpment technologies.

All the collected images were displayed on a compstreen and stored in JPEG (Joint
Photographers Expert Groups) format on a hard @skceeding this, the images were

further pre-processed to enhance the retrievat@irate information.

Back ground subtraction was the first process cotedlito avoid blurs, light distortions

and other noises that could be formed due to ilhaton effects and some external
objects on the background. Conversion of the RG8gms to 8-bit gray scale image and
histogram thresholding for the extraction of morplgecal features, and histogram

thresholding for extracting color features from ttieesholded images followed the
background subtraction task in the original imagésnversion to gray scale images of
the RGB images supports the production of binargges for the sake of extraction of

morphological features.

Grayscale refers to a range of shades of gray withpparent color. Grayscale images

are also called monochromatic, denoting the abseheey chromatic variation (i.e., no
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color). Grayscale images are often the result ohsugng the intensity of light at each

pixel in a single band of the electromagnetic spmct

Histogram thresholding technique was applied f& $slake of segmenting the images
with the constituents partitioned into homogenottisbaites. The upper and lower limits
of thresholding used were 0 and 215, respectietyraction of morphological features
was made possible from the binary images, whichte@eroducts of the thresholding of
the gray scale images. A binary image represedigital image with only two possible
values for each pixel. Typically the two colors dider a binary image are black and
white, though any two colors can be used. The asded for the object(s) in the image is

the foreground color while the rest of the imagthesbackground color.

Some coffee beans on many of the produced binaageés were seen to contain holes
(Figure 4.1. (d)), which might be the result ofe#§ on the surface of the coffee or due
to over drying of the coffee beans in the coffeecpssing phase. These holes affect the
computation of some features like coffee bean avbah mightaffect the performance of
the next process, feature extraction. ImageJ meis@val and hole filling feature assisted the
removal and filling of the mentioned holes. Regesdlof the enhancement measures taken in
background subtraction, there appeared to sriste outliers on some coffee bean images.
Unclear backgrounds of the coffee bean images tmegufrom inconsistent image
acquisition environment could be the causes fosgh&he outliers tend to magnify the
error rate as the system analyses them as paheotdffee beans. The outlier removal
feature of the program ImageJ was used to remaengntioned outliers from the coffee

bean images.

3.5. Feature extraction

Processing and extraction of a meaningful set gbiecal dataset of feature attributes
from the pre-processed coffee bean images is arorteng start to carry out the
computer-assisted coffee bean raw quality valuepcdation tasks. The production of a
set of known features, characteristic for the apion domain, probably with some
consideration for non-overlapping or uncorrelatedtiires comprises the process of

feature extraction. The collections of extractetlifaites represent a particular feature,
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and a vector of such a feature is called a pattéeatures are used as inputs to the
algorithms for classifying the objects into diffetecategories. Pattern recognition can be
done by analyzing the morphology (shape and stoy, texture (spatial distribution of
color), or a combination of these features of thages [25].

Particle analyzer method of ImageJ was used t@extnorphological and color features
of the sample coffee beans from the previously ggsed and analyzed binary and
tresholded images. ImageJ conducts the calculatiaghe features for each coffee bean
from the region of interest with in the concern gaady giving a unique label for each
bean. A total of 324 images of coffee beans ard tmethe extraction of both color and
morphological features. These features were theredtin excel for further processing

and analysis activities.

3.5.1. Morphological features
The most common measurements that are made ontohjyece those that describe

shape. Shape features are physical dimensionalunesafat characterize the appearance
of an object. Area, perimeter, major and minor deagths, and aspect ratio are some of
the most commonly measured morphological featiMesphological features are widely
used in automated grading, sorting and detectiabjcts in industry [20] [25] [19].

Here is provided a description of the morphologfeatures extracted from each coffee

bean image.

« Area (A) - The area A of the kernel is measured as the erurmbpixels in the
polygon.

« Perimeter (P) - The perimeter P is the mathematical sum of thelidesn
distances between all the successive pairs of paedund the circumference of
the kernel.

« Major axis length (MA) - The length of the major axis is the longest limat can
be drawn through the object.

« Minor axis length (MIl) — The length of the major axis is the longest timat can

be drawn through the object perpendicular to thpmeaxis.
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« Aspect Ratio (AR) (Elongation)- The elongation ratio of the length of the minor
axis to the length of the major axis. This is giaesn

_MA
MI

- Circularity (Cr)- This morphological attribute of the coffee beangiven by:
Cr = (4nA)/P?
« Roundness (R) This attribute is described as:
R = 4A/TMA?
- Feret Diameter (FD)- This is the diameter of a circle having the samea as the
object and is computed as:
FD= [(4A)/ n]*?

3.5.2. Color features
Color is an important and the most straight-forwkaature that humans perceive when

viewing an image. Human vision system is more $iesio color information than gray
levels so color is the first candidate used fotusaextraction [17]. The most commonly
used color feature model in image processing isedasn the primary spectral
components of red (R), green (G) and blue (B). Cfdatures of an object are extracted
by examining the R, G and B levels of each pixdhimi the object's boundary. The
histogram of these pixels shows the brightnessilligion found in the object [25].

The three common perceptual descriptors of a Bghtation in relation with RGB color
are Brightness (B), Saturation (S) and hue (H) [2d]. Hence, the color features are
extracted by computing the mean values of RGBsH®HSs of coffee bean images. Hue
of an image is excluded from the features lishis experimentation due to its generation
of complex and unclear image display (Figure 3.making difficult the extraction of
feature values from that particular imageomputation of the mean values for each
component of these color spaces needs to split@aoponent to separate image stacks.
The RGB and HSB stack splitting assignments weredeith the respective RGB and
HSB stack splitting features of ImageJ (Figures 8ril 3.6.).
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Figure 3.5. RGB stacks Figure 3.6. HSB Stacks

3.6 Aggregate features generation
The over all effect of the morphological and cofeatures of coffee beans is an

important determinant of the raw quality value bk tsamples. This demands the
generation of an aggregate dataset that represkatcumulative effect of all the
morphological and color feature values of the bedfscel spreadsheet enabled
computation of the aggregate values for each ofetieacted color and morphological
feature values of the sample coffee beans. Thagegate values include the maximum,
minimum, average, variance and standard deviatetissc values for the morphological

features and mean values for the color features.

3.7. Classification model

The overall processing and analysis of the samplée& bean images targets the
production and provision of an empirical dataset $tatistical computations of raw

quality value determination and classification ifietent suitable and applicable tools.

Classification was conducted in Weka and neurosmigttools by employing the Naive
Bayes, C4.5, and artificial neural networks classt Combined attributes of
morphological and color features were used as ipatierns to build all the classification
models. Classifier-specific attribute selection ht@éques characterize the simulation
processes in all tools, where model performances raalized to be sensitive to

differential attribute perturbations. Selectioracet of appropriate input feature variables
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is an important issue while trying to develop difisation models by employing the most
appropriate respective classifiers. The purposkeatire variable selection is to find the

smallest set of features that can result in satisfg model performance.

Naive Bayes and C4.5 Classifiers

Weka classification tool was used to implement HaBayes and C4.5 classifiers using
the available dataset in this research. The Naaye8 classifier which highly depends on
“independence assumptions” is believed to be nswigable mainly when dealing with
small number of samples. Because independent Vesiabe assumed, only the variances
of the variables for each class need to be detedramd not the entire covariance matrix
[47].

These classifiers demand the class, i.e., the depe¢variable (the raw quality value in

this case) as the last attribute in the rows of diagaset of selected attributes for
modeling. Pre-processing of the dataset with dig@ton was necessary for a better
performance of the simulation, with bins number 1&. Discretization, as a pre-

processing step, was done to partition each nunfiegitire into a finite set of adjacent
distinct intervals/items. A good discretization @ighm should not only characterize the
original data to produce a concise summarizatiam, &lso help the classification

performance [46]. In addition, discretization o&tHependent variable, the raw quality
value, was accomplished with bins number of 3,henlasis of the nature of the dataset.
The kernel estimator is turned on in this classifeer the same reasons of improved

performance.

Attribute selection feature of Weka is used to rahk attributes based on their
importance on the classification performance of Nave Bayes classifier. The best
attributes were then selected by running the madkél the top prioritized ones part by

part until the combination with the highest perfame was achieved.

10-fold cross validation and different percent tsplialuation techniques were tried, with
75% percent split yielding the most appropriatefqgrenance. As a result, the overall

dataset was partitioned into a ratio of 3:1 totthéing set and the test set, respectively,
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to develop and evaluate the learning model. This nvade possible by using the percent
split option of the Weka explorer.

The selected attributes and the raw quality vakieha last attribute in the rows were
used to simulate the model using the classify buttbthe Weka explorer window, by

manipulating the percent split field to 75%, indiog the training portion of the dataset
of the total working data. The raw quality valugnesents the dependent variable,
serving as the foundation for the sound approxmmatf the dataset to its fitting raw

qguality value class. An evaluation simulation ot tperformance of the model was
conducted using the remaining 25% of the datagseteki set at the same simulation as

the learning model.

C4.5 classifier, of all the input attributes, sédethose attributes of the data that most
effectively discriminate the dataset into its apprate simulated category to build the
learning and evaluation models. Stratified 10-foldss validation technique was the
most appropriate performance evaluation technigseduto build and evaluate the
simulated model.

In general, both models function the statisticallgsis of deviations and distributions of
the attributes by utilizing a predefined portiontleé empirical dataset for model building
(Figure 3.7.), and the residual predefined porfmnthe testing simulation of the model
built (Figure 3.9.), thereby providing the classifi Model outputs provide various
statistic values, mean square error, percent dsrrand percent incorrect and the

confusion matrix, for evaluation, prediction antenence of model performances.

A separate simulation of classification models was for morphological and color
features of the coffee beans using similar proeegiand tools as the combined ones. The
aim was to generate an insight and conduct comparanalysis about the model outputs
under such alternative attributes, in additiorhigirtcombined function.
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Figure 3.7. Learning Model for the Naive Bayes @ddb classifiers.

Avrtificial Neural Network classification

The application of the artificial neural network&ANN) comprised an important
component in this computer-assisted raw qualityueasimulation assignment. The
flexible learning algorithm, diverse network topgyo fast learning capability and high
error tolerance makes the neural networks poweanfalytical tools. The neurosolutions
for excel version 6.0 tool assists this artifiai@ural network classification task, with the
dataset modified to the neurosolutions format.

Conversion of the numeric raw quality values to mahscale was made possible with
the associated discretization of the working rawligy values as high, medium and low,
representing the data preparation approach fosithelation. These nominal values were
used as an output column label name in the exceadpheet together with the associated
input attribute values. The values for these nohtana quality value output columns was
then filled with the use of binary numbers, reflegtthe presence or absence of the
specific nominal value that represents the spesdtof record in the actual dataset.
Sensitivity and robust model performance trialshwdifferential input of sets of attributes
iteratively in the model assisted final selectidnatiributes for the base model. Setting
the input range (independent variable) and therel@giutput range (dependent variable)
was an important procedure while working with neatations for excel. Stratified
random allocation of the dataset was made to trgirset, testing set and the cross-
validation set, from the inherent three stratahef taw quality values. Likewise, 65% of
the dataset as assigned to the training set, 1G#etoross-validation and 25% to the test
set. Training data is the portion of the data eygdioto actually train the network. This is

normally the largest portion of the data. Crossidédion data was used to intermittently
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validate the training. Cross-validation is vergfus tool for preventing over-training of
the model. It used to stop the network training mvhiee network starts to specialize too
much on the training data. Test data was usedlitata the results of a trained network.
The analytical computations of dispersions andribistions of the coffee bean feature
attributes are conducted in ANN by using the tragnset which is iteratively evaluated
with the cross validation set to build the modédtisTwill finally generate the classifier

after being evaluated for its performance withghedefined test set (Figure 3.8.).

Cross-validation
datase

i > Model , Classifier
E builder

Training dataset

Figure 3.8. Learning Model design for ArtificiaeNral Networks Classifier.

A supervised feed forward multiple layer precep{®i&P), a universal pattern classifier
allowing the discriminant functions to take any @haassisted to model the classifier
with 2 hidden layers. Back propagation learninge rnalas incorporated to calculate the
shares of the errors in model building and to modidnnection weight. MLP is also
suitable as the desired response of the outpltsoisn beforehand. It is one of the most

commonly implemented neural network topologies.

The trained results are automatically tested ferrtbural networks, providing a summary
of the network performances in the model as an ututphe training and testing

simulations in this classifier focus on confusionatrices, percent correct and
performance matrices.
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3.8 Regression Analysis

An additional evaluative and exploratory analysaswonducted by using the regression
field of neurosolutions for excel to the overallnkiog dataset that is used as an input to
develop the base classifier. Regression is an itapbstatistical method describing the
relation between the dependent and independerdblasi that are utilized to build the
classification model, thereby promoting an objextevaluation of the classifier itself.
This regression of the dataset over the dependmble, i.e., the raw quality values,
assisted to compute the coefficient of correlatigih the help of which can be predicted
and projected the performances and evaluationd@fstmulated learning models in
describing the variations of the raw quality valde® to the mentioned attributes of the

coffee beans.

Similar features of the ANN classifier as the difesation task were applied for
establishing the regression model in the mentiarladsifier. Model outputs comprised
correlation coefficient, mean square error and mesximum and minimum absolute

errors.
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4. Implementation and discussion:Raw quality value

classification
Models must have precise structural and behavalyatractions in order to be correctly

simulated. The sought-after objective of this resleaclassification and determination of
the raw quality values of unknown coffee bean sasygn the basis of an automated
learning model, was tried to be achieved by utiligthe approaches, procedures and
tools as has been mentioned in the design paniofésearch.

Though differential outcomes and results could oabepending on the types of the
techniques employed, an objective evaluation offoperances was analyzed on
numerous methods of statistical computational tdolsmake decisions on the best
practicable and applicable ones. A detail provisbthe outcomes and discussions of the
dataset analysis, processing and simulation tagksthkis regard will be the concern of
the current part. The first two sub-sections wilf to provide and discuss on the
achievements of the sample coffee bean image amadgsivities for the sake of an
improved extraction of the required feature atti@su Next to this comes a sub-section
telling the detailed story of the aggregate functoevelopment for further modeling
tasks. Detailed provision of results and associadestussions with regard to the
classification and evaluation aspects of the reteaill be the issue of the last two sub-
sections. Focal issue in the last sub-section Wl analysis of regression model

evaluating the relations between the variables asadput for the classification purpose.

4.1. Image analysis and feature extraction results
ImageJ program assisted the processing, analydigeature extraction activities of all

the captured coffee bean images. Enhanced and segineoffee bean images were
pioneer outputs of the research, whereby same uszd as inputs for the succeeding

phase of feature extraction in the program.

4.1.1. Enhanced and segmented images for data migin
A series of image processing techniques were usged o extraction of coffee bean features

from a given image. The developed output from simhge enhancement, segmentation and

advanced enhancement of all the coffee bean saimmalges is represented in figure 4.1a-f.
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Consideration of morphological features calls fbe image enhancement and segmentation

procedures shown in figure 4.1. (a) - (e), as theaetion of color features was assisted only by

conducting background subtraction and image trefatgpl

Examination and manipulation of the images by miming noises from the background and by

improving the clarity and type of the images madessible the succeeding acquisition of

necessary features of the captured images foreflutharacter modeling and evaluation using

computer assisted technologies. Improvement ofcthdty of the beans with respect to the

background, meaningfully subdivided individuals twitimilar attributes and geometrically well

represented beans are seen as series of imagepleeslt procedures, Figure 4.1.(a) —(e).
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(d) The binary image

(e). A binary igeawith the holes being filled

Figure 4.1. A representation obaiginal coffee bean image (a) which was then

background subtracteqb) and then converted to gray scale image(c), a

binary/segmented image (d), and holes filled im@je
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4.1.2. Extracted coffee bean features

Enhanced images assisted the generation and cdiopudé the important and inherent

characteristic features of these agricultural potgluMorphological and color features of

the coffee beans were of focal concern in thisaieseand were extracted accordingly to

generate numeric values for raw quality value deiteation modeling. A sample

extracted morphological feature of a coffee beanpda is shown in Table 4.1.

A significant variability can be observed betwebr various values of the coffee bean

morphological features, thereby influencing furtlsenulation and inferences about the

products. This implies for the fact that statidtideansformations and variations

evaluations are concern-worthy issues with regardptimizing feature characterization

and selection for further analysis and inferend@s. the contrary, almost the entire

sample beans possess higher similarity for thetairefeatures.

Table 4.1. Sample morphological features

A B C D E F G H ] il

No Label Area Perim. Major Minor Circ. Feret AR Round
1 2:DSCO0087 340 69.598 23.819 18.174 0.882 24.739 1.311 0.763
2 2:D5C00087 401 78.669 30.23 16.889 0.814 31.241 1.73 0.559
3 2:D5C00087 539 90.669 33.296 20.612 0.824 33.734 1.615 0.619
4 2:D5C00087 36l 70.426 24.812 18.525 0.915 25.554 1.339 0.747
3 2:D5C00087 280 64.184 21.209 16.809 0.854 23.022 1.262 0.733
B 2:D3C00087 412 75.184 268.797 19.578 0.892 27.857 1.369 0.731
7 2:DSCO0087 407 73.598 25.476 20.341 0.895 26.249 1.252 0.798
8 2:DSCO0087 403 74.527 25.959 19.766 0.912 26.249 1.313 0.761
9 2:D5C00087 472 82.326 30.542 19.676 0.875 31.064 1.552 0.644
10 2:D5C00087 371 72,426 24.95 18.933 0.889 25.612 1.218 0.759
11 2:D5C00087 319 85.012 29.976 22,045 0.902 30.676 1.36 0.735
12 2:D5C00087 444 73.184 27.843 20.304 0.913 28.46 1.371 0.729
13 2:DSCO0087 270 69.113 28.192 12,154 0.71 28.443 2.312 0.433
14 2:DSCO0087 349 69.598 24.033 18.489 0.905 24.739 1.3 0.769
15 2:D5C00087 430 J7.598 27.549 19.874 0.897 27.857 1.386 0.721
16 2:D5C00087 544 90.083 ] 33.302 20,739 0.842 33.287 1.601 0.625
17 2:D5C00087 619 95.64 35.314 22,318 0.85 35 1.5282 0.632
18 2:D5C00087 417 73.669 29.058 18.272 0.847 30 1.539 0.829
19 2:DSCO0087 500 86.426 32.584 19.538 0.841 32.985 1.668 0.6

b M| Grade 2 %] 0| 1l
dy B[Ol (&
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The color attributes of all the sampled items wet&gacted in a similar manner and made
available for further applications. A sample exteaic color feature of a coffee bean

sample is shown in Table 4.2.

Table 4.2. A sample color feature of a sample eofffean.

A B C D E
1 Blue Green Red Brightness |Saturation
2 66.406 85.941 97.509 125.562 84.638
3 67.517 89.337| 101.376 97.604 88.593
4 70.6 93.28| 109.424 101.465 93.011
5 71.585 92.142| 104.745 109.501 84.237
6
7
8
9

68.217 90.37( 107.294 104.873 96.371
70.051 91.106| 103.229 107.368 77.36
76.797 96.952| 108.133 103.452 88.407
B8.356 86.817 96.723 108.302 80.331
10 05.391 a7.008 96.204 96.902 87.439
11 58.097 73.499 88.221 96.411 96.043
12 65.116 86.913 102.87 88.444 96.547
13 71.824 91.263| 103.084 102.933 81.217
14 65.725 79.269 88.419 103.201 77.209

15 68.89| 89.352| 99.789 88.912 83.233
16 64.836| 86.897| 99.182 99,849 95.448
17 68.775| 90.235| 102.102 99.37 87.364
4 4 » M| RawVAlue 9 %]

Ready

Almost similar measures of central tendency vahresobserved for various samples, of

their respective features, representing a kinegdéiced variability.

4.2. Features Analysis: Derivation of aggregate vaés for modeling
Generation of an aggregate data that representsithelative effect of all features of the

coffee beans can be mentioned as the preparatite eforking dataset for the rest of the

data mining activities.

Computation of an aggregate function for the measuanorphological and color features
of the samples was the first core business in #search under consideration. The

aggregate values dealt with in this respect incltide maximum, minimum, average,
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variance and standard deviation values for eacth@fmorphological features, being
computed for all the sample coffee beans. The graedn value of all the attributes of
color features was computed for each of the sangridone dataset file is created. These
aggregate functions are calculated from the 324pkaimcoffee bean images. These
samples were captured from eight different typegrafles, each grade having a sample
number extending from 2 — 4. A summary of the agare dataset for these

morphological features is shown in table 4.3.

Table 4.3. Sample aggregate values from the moopicall features.
A B Cc D E F G H | J K L

1 minAreaminPer minMaj minhMin minCir minFer minAR minRoun maxfAre: maxPer maxMaj maxhdin
2 873 109397 38302 25026 04658 30217 1.002 0.417 2369 207.723 TDE2D 463534
3 643 102912 32562 23001 0664 37.121 1.034 0.462 2495 199137 7T7.4358 45383
4 418 77497 26648 12972 0739 2816 1.111 0.492 2635 204309 735318 46827
5 709 101983 35043 23739 0704 36.878 1.095 0.442 2743 211.763 8247 47397
6 637 93.64 20531 27465 0742 31321 1.073 0484 2574 203.8635 B0.982 47904
[ 049 120125 38628 22673 04672 30812 1.145 0.425 2475 196267 73037 46246
8 497 98811 34054 16.34 064 34785 1.124 0.422 2707 208.167 B2.052 49632
9 787 114468 40217 21944 0.648 42426 1.107 0.421 2035 214993 3282 4721
10 060 114.711 39.047 29.130 0677 39408 1.112 0.434 2880 200238 B1.616 30421
11 39 34042 11.07 6.786 0.617 12806 1.114 0.413 2683 207.823 78.84 46587
12 700 106225 37913 23507 0.683 30023 1.12 0.457 3030 211.823 76.749 33413
13 766 110468 35855 18337 0529 36892 1.109 0.345 2621 204267 B1.068 473537
14 800 112225 30313 24314 0669 40497 1167 0.423 2600 20635 B81.636 47.081
15 04 114225 40408 28251 0.728 41437 1.154 0.516 2042 200279 77695 50199
16 014 12364 41163 21.701 0629 4219 1.15 0.3353 2605 200551 75.635 48259
17 800 112953 34133 23.847 0.632 30319 1.144 0.4635 2724 214652 B4.778 46261
18 824 110326 40455 25934 0744 40792 1.064 0.485 2873 205924 7T6.722 4B.B48
19 811 107983 35284 22300 04616 38328 1.074 0.36 2820 211.823 80395 40080
20 582 100.811 34222 20037 0571 36056 1.051 0.347 2094 213581 7T8.734 50472
2 604 102.669 32967 19.61| 0688 34205 1.101 0.436 2610 21035 B2.578 47772
4 4+ M Mai Min .~ Cir .~ Fer | Sheetl . AR .~ Sheet2 Round 2 I ]
Ready EE =)

4.3. Classification simulation: Outputs and trendsf raw quality values
Corresponding model results and trends for two sdiaation tools, Weka and

Neurosolutions, to implement the Naive Bayes, Cah8 Artificial Neural Network
classifiers, will be provided in this part of theesis report. A combined morphological

and color features dataset was used in this expatation.

Model robustness and sensitivity was experimentgdaltering model evaluating
techniques, discritization bins and dataset charistics. Development of model for
separate color and morphological features was afsither sensitivity and robustness

trial on the base model. 10-fold cross validatiad different percent split values for the
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training and test dataset comprise the model etratpatechnique trials. Dataset

characteristics were perturbed for the number gpe of the aggregate feature values.

The accuracy and efficiency of models relies onghacedures of setting up the model
initialization and parameter selection. The oveaallomated system modeling activity is
conducted by using attributes that were eithercsedeby the model itself or by those

selected based on their suitability to the paréicahodel.

4.3.1. Naive Bayes classification
The attribute selection feature of Weka exploresisted the statistical selection of the

morphological and color features for simulationgmsges using information gain attribute
evaluator with the ranker search method. Overaltuies of 45 were available in the
initial working dataset, out of which only the 125 were prioritized and selected for the
modeling purpose, on the basis of performance atialis with varying numbers of the
selected features. Average and standard deviabbredl the morphological features,
minimum values of area, perimeter, major axis amtbmaxis, and all the color features

were amongst the highly prioritized and selectediuees.

All the extracted features of coffee beans are mamalues, where the use of these
values in Naive Bayes classifier needs conversidhese continuous numeric values to
discrete values. The preprocessing facility of Wakaupervised filtering technique was
used to discretize the dataset into distinct irgksrvAccordingly all input attributes were
discretized into 15 bins whereas raw quality valttebute in to 3 bins, as mentioned in

chapter three of this paper.

The raw quality value discretization in the modehegrated an output of groups of
characteristic coffee bean samples possessing gsteamilarity with that of the
characteristic distribution of the raw quality veduand manually obtained grades of the
working dataset. This is believed to pave the way & strong and promising
classification and discrimination capability of thedel. Such conclusions on the final
model parameters and dataset natures for the dionulurpose were however attained

through a series of alternative attempts to evalwatput and model sensitivity (Table
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4.4). Shaded part in the table shows parametesizabiute of the base model using Naive
Bayes classifier.

Table 4.4. Model and dataset parameter perturbatiempts for robust model
performance in Naive bayes.

Model Attributes Evaluation technique Performace

75% percent split 74.07%
Al 10-fold cross validation 73.15%\orst)

Average and standard deviation of 75% percent split 80.24%
Morphological features and color features |10-fold cross validation 75.93%
Naive Bayes Minimum, Average, standard deviation of [75% percent split 81.48%
Morphological features and color features [10-fold cross validation 76.85%

MinArea, MinPer, MinMaj, MinMin, Average, an{75 percent split 82.72%(Best,
Standard deviation of all morphological featured|10-fold cross validation 76.54%

color features

Model building and evaluation

Selection of 75% of the data set was used foritrgithe classification learning model

and the remaining 25% for testing to evaluate #réopmance of the model. Weka screen
shot of outcomes of the model is shown below inrgd.3. The output contains different
statistic values, indicating the performance statuthe model. 82.72% (Figure 4.2) of

the test data set was classified correctly, withrtioderately higher kappa statistic value
of 0.73 strengthening this result. Kappa is a chatwrected measure of agreement
between the classifications and the true classes, aakappa of 1 indicates perfect

agreement, whereas a kappa of 0 indicates agreagenalent to chance.

The model also yielded a mean absolute error vi@uel) which is lower than the root
mean squared error (0.33) reflecting good modepuist [7]. The difference between
these two statistic values is also small, underginihe robustness of the classification
model.

Better performance can be concluded for higher-passtive-rate, lower false-positive

rate and north-west side of ROC space, i.e., appiog to a value of 1[5]. A ROC area,

55



representing plot of the true positive rate agaihstfalse positive rate, of above 0.9 is
modeled for the simulation dataset, depicting tighér discrimination measurement
ability of the model. In most situations the disanation ability of the forecast is not

really considered useful in practice unless the R(@&a is greater than 0.7. A higher rate

of the true positive and lower false positive valgbaracterize the model results.

The confusion matrix in the form of a contingenablé shows higher correct allotments
to those with lower raw quality value and tendsdexrease as the raw quality value
increases. This can be linked to the differentigdtence of diverse and numerous defects
at the lower raw quality value items, making ittable and clear for discrimination into
their relevant classes. It can be however seen fr@ntable that an acceptably higher
performance is yielded by the model.

¥ Weka Explarer =EE
| Preprocess ‘ Classify Iausiterrg Assadiate | Select attributes | visualize
Classifier
| Choose  |MaiveBaves -
Test options Classifier output
(7 Use training set Correctly Classified Instances &7 82.716
h Incorrectly Classified Instances 14 17.284 %
(2 Supplied test set ¥appa statistic 0.7288
() Cross-validation  Folds |10 Mean shodlute; anror

vy Root mean sguared error
@) Percentage split % |75 T ———
[ More options... ‘ Root relative sguared error
Total Number of Instances

\
lom) Raw Value -
o) === Detailed Accuracy By Class =—=
Start
IF Rate FP Rate Precision Recall F-Measure ROC Rre:
Resultlist {right-click for options) 0.93%9 0.167 0.795 0.239 0.861 22

0.847 0.0683 0.733 0.647 0.8688 0.91
0 8 0.04 0.926 0.80&a 0.862 0.925
Weighted Awvg. 0.827 0.096 0.832 0.827 0.825 0.921

=== Confusion Matrix ===

a2 b c <-- classified as

31 2 0| a="{-inf-17]"
411 2| b= "{17-27
4 225 c=" [=
— .
Status |
OK. Log w x0

Figure 4.2. Screen shot of Weka environment forehsonulation and evaluation.

The model was also run separately for color andphmogical features of the concern
sample dataset, yielding respective results of 6% 79% for the percent correctly
classified instances. This implied that the morpgadal features are stronger in

discriminating the various classes for the sampliéee beans than the color features.
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This achievement can also be linked and supportgld the fact that the attribute
selection feature of Weka has prioritized thesepiological features of the dataset than

the color counterparts.

An overall higher performances and lower discrepen@and errors were statistically
computed for the models run with the combined festuof color and morphological
attributes of coffee beans (Table 4.5.).

Table 4.5: Summary of models evaluation using NBiages classifier.

Modeled statistic valuesUSIng morphological Using color features Using combined
features features
Correctly classified 79.01% 56.79% 82.72%
Kappa statistics 0.66 0.35 0.73
Mean absolute error 0.16 0.31 0.14
Root mean squared 0.36 0.44 0.33
error
Relative absolute error 36.81% 70.65 32.33%
Root re';tr"éf squared 75.65% 93.20% 68.81%

4.3.2. C4.5 classification
The simulation with the C4.5 classifier involvedngar approaches in discretization of

dataset as the Naive Bayes. Likewise, 15 binsetization for all independent attributes
and 3 bins discretization for the dependent attepraw quality value were persuaded.
This classifier utilizes those attributes with hegtdiscrimination power for the purpose
of classification.

Model building and evaluation

Nine attributes, Minimum Area, Average of Perimetdtajor, Minor, Circularity,
Roundness, Standard deviation of Circularity, dredGolor Features, i.e., Blue, Red, and
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Brightness, were selected by the classifier forldog the model. Sensitivity and
perturbation analysis for robustness of model perémce were run for some attributes
based on Weka prioritization for Naive Bayes cfassi Differential application of
evaluation techniques, including 10 fold crossdation and 75% splits, assisted the
perturbation analysis with varying attribute attésn@dO fold cross-validation evaluation
technique with the model selected attributes, sthadete (Table 4.6.), yielded higher
performance.

Table 4.6. Sensitivity analysis with certain atitdand evaluation technique attempts to
evaluate model performance.

Model |Attributes Evaluation technique|Performace
All 5% percent split 72.84%Norst)
MinArea, 75% percent split 80.25%

Average of Perimeter, Major, Minor, Circularityured. |10-fold cross validation |82.09%(Best
C4.5 Standard deviation of Circularity

Color Features: Blue, Red, and Brightness
MinArea, MinPer, MinMaj, MinMin, Average, and Steard {75 percent split 74.07%

deviation of all morphological features and coleatures |10-fold cross validation| 79.32%

C4.5 with the base dataset of combined morpholbgind color features provided for
82.09% of the test data set to be correctly clieskifwith a kappa static value of 0.7
(Figure 4.3). A lower mean absolute error (0.1@&ntlhe root mean squared error value

(0.31) is in compliance with model output.
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* Weka Explorer
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Figure 4.3. Screen shot of Weka environment forehsiinulation and evaluation with

C4.5.

Similar trend of incremental performance with dasiag raw quality value was modeled
as in the Naive Bayes classifier. A separate runcédor and morphological features
yielded respective results of 71.91% and 63.27%tlier percent correctly classified
instances. It was underlined, as in the Naive Bajassifier, in the outputs for the
morphological features to be stronger in discririigathe various raw quality value
classes of coffee beans than the counterpart éeédures. It should however be noted
that the combined features of color and morphokdgattributes modeled for an overall

higher performances and lower discrepancies amdseffable 4.7.).

Table 4.7: Summary of model evaluation for colad amrphological features

Statistical measures/Mode

Using morphological

Using color features

5 Using combined feature

feature
Correctly classified 71.91% 63.27% 82.09%
Kappa statistics 0.56 0.43 0.72
Mean absolute error 0.23 0.28 0.15
Root mean squared error 0.37 0.41 0.31
Relative absolute error 53.39% 64.58% 36.05%
Root relative squared errof 78.96% 87.75% 66.98%
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4.3.3. Artificial neural network (ANN) classification

Discretization of raw quality values in to threesmeonducted manually by assigning
three nominal values as high (H), medium (M), amd (L), which is further converted

into binary valued attribute. Selection of ANN paeters was made after building the
model with the different attributes and finally rddtites with high performance were
accepted. Higher performance was exercised witketlattributes which yielded higher

performance using the Naive Bayes classifier (Tat8&

Table 4.8. Some of the trials made to select atte® with high performance for ANN
classifier.

Model | Selected Attributes Performance
All 74.07%
Minimum, Average, Std.Deviation, and Variance of 62.96%
Morphological features and all color features (Worst)
Minimum, Average, and Std.Deviation of Morpholagifeatures

o and all color features 64.20%

Artificial " Ayerage and Std.Deviation of Morphological featuaad all

Neural | 5\0r features 65.43%

Networks Minimum of Area, Perimeter, Major Axis, and Minoxi&;
Average and Std.Deviation of Morphological featunes all
color features (Attributes which are used for NeBages) 80.25%(Best)
MinArea, Average of Perimeter, Major, Minor, Cirarty, round.
Standard deviation of Circularity, Color Featurgkie, Red, and
Brightness (Attributes which are used for C4.5) 96%

Model Training and evaluation

The training and testing of the classification maa&ng ANN is simulated together by
specifying the portion of the training rows andtiteg rows in the data set. In addition,
some part of the rows should be specified for cradilation dataset to intermittently
validate the model training. Figure 4.4 shows thérenment in neurosolutions to build
and test a classification model. Generalized feeddrd multilayer perceptron topology
with two hidden layers was used to simulate the ehotihere were four layers in this
respect, an input layer consisting of 25 nodesniorphological and color features, the
two hidden layers, and an output layer consistih@ modes representing the nominal

values of raw quality value.
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Figure 4.4. Neurosolution screen shot for datagmatjpn and topology selection.

The simulation was conducted on the combined cala morphological features of

sample coffee beans, though separate trials ofirtbdel were done for each of the

attributes for evaluative purposes.

Classifier outputs for the three modeling datasattifpons (Table 4.9) yielded

meaningfully lower values of mean square errors haigher values for correlation

coefficients. 80.25% of the samples are classifi@dectly with regard to their real raw

quality value group.

Table 4.9. Modeled statistic values for the tragnicross-validation and testing results.

# of Rows

Training

211

Cross Val.

Testing

32 81

MSE

0.00619

0.09438] 0.09008

C

orrelation (r)

0.98549

0.79805] 0.80426

# Correct

208

28 65

# Incorrect

3

4 16

% Correct

98.58%

87.50%| 80.25%
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A comparative analysis of the observed and expeetedqjuality values (Table 4.10.) of
the evaluation model using ANN reveals higher dessperformance, ranging from

very high to moderate discrimination trends. Almalitmedium class testing datasets
were assigned to their exact class.

Table 4.10. Confusion Matrix for the testing outpt ANN model.

Actual HIE
O 10 O
High 23 7 0
Medium 0 16 1
Low 1 7 26

Simulation with the use of morphological featuresdeled for 64.20% of the dataset to
be correctly classified, which is higher than thewdation result while using color
features only, 62.96%. Lower value of mean squam ér simulation of morphological
features than color features was modeled. In aadiigher correlation coefficients for
morphological features were found as compared éocthlor features. A summarized
output description table is shown below (Table %.11

Table 4.11. Summarized results of modeling foralernative features

Morphology Color Combined
features Features Features
MSE 0.205731469 0.327782871 0.090077588
Correlation (r) 0.60325102 0.144257097 0.804257115
# Correct 52 51 65
# Incorrect 29 30 16
% Correct 64.20% 62.96% 80.25%

4.3.4. Summary of classification performance

Statistical computations dealing with coffee beaw guality value classification yielded
almost similar model outputs for the various cléssiion tools employed (Table 4.12),
with the Naive Bayes yielding higher values thahthé others. The higher model
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performace value in Naive Bayes is attributed itability Of the classifier under smaller
number of datasets. This together with the resylhigher model statistic values and
lower mean and relative error rates [7] for perfante evaluation depict the suitability
and possibility of implementing the automated afasgion system using similar dataset
orientation and tools. Better performances couldnele achieved through further in-

depth implementations involving larger samples.

Table 4.12. Performance of the model in difféi@assifiers.

Combined Feature Moroholo
Performance (% fegturesgy Color Features
Model correctly classified)

71.91% 63.27%
cas 82.09
/::t'\;'gf‘k'sne“ra' 80.25 64.20% 62.96%

79.01% 56.79%
Naive Bayes 82.72

It becomes obvious that the two different coffearbéeatures when used in combination
and separately in the classification tools yieldatdious model outputs. The combined
feature classification models provide the higherdelgerformance values, succeeded
with those of the morphological features only (Eall.12). [20] has also concluded

similar achievements in another coffee bean cliassibn experiment.

Robustness and sensitivity of the model was alstyaed with manipulation of selected
and applicable model evaluation techniques. Disaton trials with varying number of

bins comprised the final selection of 15 bins thedvides better performance of all
classifier models in Weka classification tool. Ttiml was made by increasing and
decreasing the bins value until the optimum pertoroe was obtained. Multiperceptron
neural network models contain three or more laytes,input, output and one or more
hidden layers while mapping a specific set of dattasput into an output model. The
differential existence of one or two hidden layershis model was simulated for the
focal dataset and the respective performances aaehpBespite the fact that one hidden

layer is the most commonly applied one in many @rpents, higher performance was
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recorded in the current experiment with the uséaaf hidden layers (80.09% correctly
classified) in the ANN model than one hidden laigzt.2% correctly classified).

Discritization of the raw quality values into thraeminal classes assisted in achieving
higher model performances for all the classifiaatiapproaches. Discritization, by
transforming continuous valued features into digcrmtervals, makes classification

performance more effective and higher [6].

Weka classification tools yielded higher classifierformance for dataset with lower raw
quality values, as the artificial neural networkevpded higher performance values for
those of medium raw quality value individuals. Thesin compliance with the manual

raw quality value grading systems that depend snalievaluations and classify items on
the basis of visible defects, these being clear @mahdant on the lower raw quality
valued samples.

4.4. Regression analysis for classification variabs
Regression trends were analyzed statistically fgoe® the relations between the raw

quality values and the coffee bean morphological eolor features for the sampled
working dataset of varying grades. Such a regrassiantended to assist the evaluative
role of the experiment to the performance and rirtass of the classification simulations
by describing the relation between the classifizatiariables. Such experimentation was
done by running the regression analysis modelemgurosolutions for excel application.
The dataset that was used for the classificatiodembuilding was used as an input for
this regression analysis too, to generate a demsgght and inferences about the
relationships between the concern dependent arepamtient variables. This enabled a
more explicit statistical evaluation and trend gsisl on the classifier developed model to

measure and classify raw quality value of an ine@minknown sample entity.

With this regard, the regression analysis in nealut®n for excel yielded a more or less
higher coefficient of correlation between the rethtvariables for raw quality value

determination in the performance evaluation mo@e3g). The lower mean square error
values of the model built also indicate higher aacy of the regression model for theses

variables.
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Table 4.13. Model evaluation using regression aisiy neurosolution for excel.

Static Measures Training Testing

# of Rows 194 49 81

MSE 0.002903| 0.060498 | 0.062248
Correlation (r) 0.993049| 0.847846 | 0.857992
Mean Absolute Error (MAE) | 0.026983| 0.083155 | 0.109878

Lower mean square errors in all cases than the mabanlute error underline model

accuracy with minimum error factors.

Similar regression analysis was conducted on sepanarphological and color features
of the sampled coffee bean dataset, with the forpmeviding better relational trends
between the variables (0.63) than the later atil§0.25). This result is in compliance

with the yielded classification outputs for morpbgical features than the color features.
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5. Conclusion and Recommendation

Automated sorting and classification systems faicagural products are proven to be
less costly, efficient and non-destructive. Apgiiea of this technology makes effective
guality control and inspection aspects for suchneaoacally important commodities.
With this regard, this research has focused ongusitage processing techniques and
approaches to classify raw quality value of sanguffee beans by employing Naive
Bayes, C4.5 and artificial neural networks clasatibn approaches. The achievements
obtained in this research work indicate the pobsitf applying classification of raw
quality value using computer vision system.

Morphological and color features were the attrisugtracted from the sample coffee
bean images of various grade levels and used écldssification purpose. Image pre-
processing techniques on the original images emtatiee harvesting of such important

features in a reliable and effective manner.

The classification models built with all the cldgsi tools were evaluated for almost a
homogenous performance, with the Naive Bayes yigltiie highest model performance
(82.72% correctly classified), and the C4.5(82.09%nd artificial neural

networks(80.25%) succeeding respectively. Combeggregate feature values of both
the morphological and color features were useditlol land evaluate the base raw quality

value classification model with all classifiers dse this research.

Sensitivity of the classifier model was howeveeripted by running the classification
model for the separate aggregate feature values,morphological and color features.
The separate trials produced higher performanced riassifiers for the morphological
features than the color features, reflecting thbility of the morphological features for
grading and sorting the coffee bean samples thakdlor features. It should however be
underlined that the highest overall performances l@@nce suitability for classification

purposes in this research is concluded for the aoedbmorphological and color features.

Discritization of the dataset into raw quality valuntervals is concluded to be an

important tool contributing to improved model penf@nce. Likewise, discretization of
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the raw quality values into three bins in classificn generated higher performance

evaluation outputs amongst a set of alternativerelization options.

Regression model for the relation between the raality values and the combined
aggregate feature values of the sample coffee beanslated higher correlation
coefficients (0.86), implying the suitability andpgicability of the classification
achievements for the working dataset in this expentation.

An important recommendation to forward from thisearch could be the launching of
developing a working base classification model faw quality value classification

purposes by utilizing larger number of dataset freath grade level of coffee bean
sample. This could also be supported by anothardutesearch that aims at prediction of
actual raw quality values by utilizing a meaningfularger dataset. Important is due
consideration to the number and type of sampleg@tite data acquisition environment
to effectively achieve the intended end-goals ofeflgping an applicable automated

computer vision system for this purpose.

This automated technique might also be a poteapiptoach in Ethiopia assisting quality
control and grading/sorting activities of other wngant agricultural products like fruits

and cereals.
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