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ABSTRACT: Traditionally, a cut-test is used to assess the cocoa fermentation degree for a quality control aims. However, this
method is subjective and presents several drawbacks. In this paper, a reliable machine vision system was proposed to
automatically identify and classify cocoa beans (Theobroma cacao L.). The approach developed in this study uses color features
and a support vector machine-based method for cocoa beans classification according to the fermentation degree. To outline
this approach, firstly, images were acquired, and beans were separately identified from the background. After that, color
features were extracted in each component of RGB, HSV and YCbCr color spaces and were used to describe cocoa beans
fermentation degree. Then, a selection procedure of the best cocoa beans descriptor combination was developed. Finally, SVM
model was built to discriminate unfermented, partly fermented and well fermented cocoa beans. This model was 10-fold cross-
validated to ensure its stability. Using selected descriptors, our approach had a discrimination rate of 100% in both training
and prediction set. The results show that, machine vision system coupled with SVM model can rapidly, accurately, and reliably
discriminate cocoa beans according to the fermentation degree compared to the traditional classification methods.
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1 INTRODUCTION

Before any processing into finished products, the cocoa beans must undergo a post-harvest treatment. Fermentation is one
of the most important operations of this process [1] because it improves the final quality of the product and the processors
always demand cocoa beans being well fermented, as it assures the development of the aroma precursors and the cocoa flavor
[2]. According to [3], the degree of fermentation is strongly correlated with cocoa quality attributes such as reducing sugars,
free amino acids and bean pH. Likewise, a good fermentation contributes to the reduction of bitterness and astringency of
cocoa.

Generally, a « cut test » is used to assess fermentation degree of a cocoa bean bulk [4]. It consists in cutting a bean
lengthwise and visually analyzing its internal color in the day light. At the end of this analysis, the beans are divided according
to their degree of fermentation into three different classes: the well-fermented beans (WF) are characterized by the brown
color while the violet and slatey colors indicate respectively partially fermented beans (PF) and unfermented (UF) [3]. In each
class, the beans are counted and then their percentage is estimated according to 300 beans examined. This visual classification
system is the standard method currently used to evaluate the quality and acceptability of marketable cocoa. However, this
approach is qualitative, tedious and quite subjective. Lopez et al. [5] also noted that it is very limited in the evaluation of defects
and color of cocoa beans. In addition, it can be inefficient for large volumes of cocoa beans because of human errors.

To overcome these limitations, other quality control methods such as spectrophotometry [6], high performance liquid
chromatography, Fourier transform infrared spectroscopy [7] and imaging [1] have been proposed. However, even if all these
methods of analysis are reliable and precise, they are time consuming, laborious, expensive and require more expertise. Such
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systems cannot be used for routine checks on the quality of commercial cocoa beans. Therefore, a quick and reliable method
is essentially required to classify cocoa beans for quality control.

Computer vision has emerged in recent years as a reliable technology in the assessment of the quality of agricultural and
food products [8], [9]. Machine vision combines image analysis and machine learning techniques to provide automated
inspection [1]. It is more economical, quick, reliable, and non-destructive [2]. Computer vision systems have been used
successfully for quality control of products such as apples [10], rice [11] and tomatoes [12].

The aim of this study is to propose a simple, rapid and reliable system based on artificial vision for the automatic
classification of cocoa beans. In this approach, the cocoa bean image was first isolated from the whole image background.
Next, color descriptors were calculated on each color component of cocoa image. Indeed, as previously mentioned, color is the
main attribute used to discriminate different fermentation levels of cocoa beans. RGB, HSV and YCbCr color spaces were used
in this study. Then, we proposed a selection procedure of the optimal fusion descriptors to discriminate cocoa beans. Finally,
a Support Vector Machines (SVM) model was built for the cocoa bean classification.

The paper is organized as follow. Machine vision based cocoa beans classification method is presented in section 2. Then,
experimental results are provided in section 3. Finally, section 4 concludes and gives perspectives for future work.
2 MATERIELS AND METHOD
2.1  COCOA BEANS SAMPLE PREPARATION

The cocoa pods were procured for the study from Bongouanou, Céte d’lvoire on January 2018. All the cocoa samples
analyzed were of Forastero variety. The ripe pods were opened; and the beans were removed, fermented and sun-dried.

Cocoa beans fermentation process was carried out according to producer usual practice. Every two days, they were stirred
and after six days all the beans were sundried. The moisture content of the dried beans was approximately in range 7.5-8%.

For this experiment, 1000 beans were randomly selected and a cut-test was performed by a quality control expert. Thus,
the beans sample were classified into three different classes according to cocoa fermentation level (Fig.1).

(a) (b) (c)

Fig. 1. Different fermentation level of cocoa beans: (a) unfermented bean, (b) partly fermented bean and (c) well fermented
bean

After the analysis, 50 beans were selected for each fermentation class previously defined. Then, in order to form a set of
150 image samples, an image of each bean was also acquired using the system described in section 2.2. This set was randomly
divided into two groups. The training set which contained 90 samples were used to build the discrimination model. The
remaining 60 beans were used as a validation set to predict the performance of the fitted model. Table 1 shows the number
of cocoa beans samples used for training and validation sets.

2.2 IMAGES ACQUISITION

In this study, a machine vision system was developed to assess fermentation level of cocoa bean samples. The image
acquisition was done using a color GigE Vision camera (SONY XCG-5005C, 2/3-type, CCD sensor, 2448x2048 spatial resolution,
China), mounting an appropriate lens (Fujifilm corporation, model HF16HA-1B, f = 16 mm F1.4-F16, 2/3” color camera, Japan).
Each capture has 512x512 pixels and encoded on 8 bits per channel in RGB color space. The GigE Vision dedicated acquisition
board was used to transfer camera information to the HP computer (Core-i5, 2.8 GHz, 8 GB). Two white-light LEDs (18 W),
placed on either side of the camera, were used to illuminate the object placed on a blue background at 50 cm away from the
camera lens.
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Table 1. Number of cocoa samples used for training and detection sets.

Cocoa beans Samples per each fermentation level Training validation  Total
Unfermented Partly fermented Well-fermented
Training validation Training Validation Training validation

Number of beans 30 20 30 20 30 20 90 60 150

An overview of the machine vision based method for cocoa beans fermentation level assessment is shown in Fig. 2 and the
following subsections discuss the details of this method.
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Fig. 2. Classification flow chart for cocoa beans using a machine vision
2.3 IMAGES PRE-PROCESSING

This step consists of noise removal and image segmentation (Fig.3).

In order to reduce the noise due to acquisition conditions, a median filter was applied. Then, an unsupervised segmentation
method was used to extract the cocoa bean from their background. For this, Otsu’s algorithm [13] was used to create a bit
mask in which the background is 0 and the object is 1. Otsu’s method is based on the study of the variance of the grayscale to
search automatically a threshold value that separates the pixels belonging to the background from those of the object.
Subsequently, the holes in the mask obtained [9] previously were filled by applying a morphological opening. Finally, the logical
AND operation between the mask and the original image was used to isolate the bean from its background. Thresholding
algorithm was implemented in the value component of HSV color space. The segmentation process is shown in Fig.4.

Cocoa bean sample image

\V/

Convert RGB image to HSV
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Fig. 3. Segmentation flow chart of a cocoa bean
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(a) (b) (c) (d)

Fig. 4. Segmentation process: (a) Original image, (b) Otsu’s thresholding, (c) Morphological opening, (d) segmented image
2.4 FEATURES EXTRACTION
24.1 EXTRACTING COLORS DESCRIPTORS

Color changes ranging from purple to brown have been reported during the cocoa beans fermentation process. Thus, colors
are used as measures of fermentation degree. In this study, color features of beans are quantified as the descriptors for
classifying cocoa beans with different fermentation stages. The Eq. 1 to 6 [9] were applied to calculate the mean, variance,
skewness, kurtosis, entropy and energy on each image color component and then, they were concatenated in order to generate
a feature vector for each cocoa beans image.

However, color images are exposed as different forms in different color spaces [14]. For this reason, descriptors extracted
from RGB, HSV and YCbCr color spaces were evaluated.

RGB space is a widely used color space for image display. It is composed of three color components: red, green and blue.
Generally, other color spaces are derived from the RGB space considered as the basic color space [14]. All our images are
acquired in this standard system.

HSV space is frequently used in computer graphics. It is more closely related to the human perception of colour than RGB color
space. The three color components are hue, saturation and value. In order to convert RGB to HSV colour space rgh2hsv function
in MATLAB 2017a can be used.

YCbCr is a family of color spaces used in video systems. Y is the luminance component and Cb and Cr the blue and red chroma
components. To convert RGB to YCbCr colour space, rgb2ycbcr function in MATLAB 2017a can be used.

mean :ka(k) (1)

. i 2 (2)
variance = Z (k—wu) p(k)

(3)

1 N
skewness = —iz (k= u) p(k)
variance? *~’
kurtosis = ! ZV (k—u)* p(k) (4)
1
var? *=°

, (5)
entropy = —Z p(k)In(p(k))

N , (6)
energy = Y [p(k)]

Where p(k) is the relative frequency of a gray level k and N is the total number of gray levels in the image.
24.2 EFFECTIVES DESCRIPTORS SELECTION

In general, the performance of color image classification model depends on the set of selected descriptors. Thus, statistical
methods, such as Principal Component Analysis (PCA), are applied to determine a subset containing the maximum image
information from a set of descriptors[15]. Our approach differs from that commonly used selection process. We aim to evaluate
several descriptor vectors separately in order to select the best vector as the input descriptor to generate the final model.
Therefore, we propose to construct and to select a descriptor vector of cocoa beans fusing colors features defined on one or
more color spaces previously described.
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For convenience, descriptor vector was defined in each color space. Then, to train the discrimination model, different
descriptor vector combinations were evaluated. First, a descriptor vector was selected and 10-fold cross-validated. Then it is
combined with other descriptor vectors and the whole was evaluated once more. Finally, the best combination is the one with
the highest accuracy.

25 DECISION MODEL DEVELOPMENT

Support Vector Machine (SVM) based-model were developed for classifying cocoa beans using color descriptors. SVM is a
binary classification method by supervised learning. It was introduced by Vapnik in 1995 [16]. SVM model works to find a linear
hyperplane that separates data and maximizes the distance between the two classes. It selects the hyperplane that maximizes
the margin. Therefore the problem of optimization under the following constraints is to be deduced [17]:

min ||w||
, (7)
Vi, y,(wx, +b)>1

When the data are not linearly separable, the variables Cand & = {g‘gl, fz,..., fn} are introduced to soften the constraints

(Eq.8). In this case, a kernel function is used to transform the space of the input data into a larger space in which it is possible
to find a separating hyperplane [18]:

1 2 il
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2 I=1

£20

subject to ) r
Vi,y,(w x+b)=2(1-¢))

In this study, multiclass SVM classifier with radial basis function kernel were used. This classifier was developed using an
open source library LIBSVM [19]. The margin and kernel parameters of the classifiers were determined using grid search and
10-fold cross-validation.

3 RESULTS AND DISCUSSION

In order to test classifier system, 90 cocoa beans images were used from a total of 150 images. The remaining 60 beans
were used as validation set to predict the performance of the fitted model.

3.1 EFFECTIVE DESCRIPTOR SELECTION

Seven descriptor vector combinations were performed from three colors spaces to implement model for cocoa beans
classification based on colors features measurement. Then, each of them was 10-fold cross-validated for selecting the most
effective descriptor vector. This process has been run 20 times in order to increase the number of estimates. Table 2 presents
the descriptor vectors as well as the number of features used to select the most discriminative descriptors and the obtained
cross-validation (CV) accuracy. We notice that descriptors vectors HSV, HSV+YCbCr and RGB+HSV+YCbCr containing
respectively 18, 36 and 54 features get higher CV accuracy. Therefore, these features vectors were used as final discriminative
vectors to train the whole training set and generate the final classification model.

Table 2. Results of the most discriminative features selection using 10-fold cross-validation

Descriptors vectors Number of features CV accuracy (%)
RGB 18 95,56

HSV 18 100

YCbCr 18 96,67

RGB + HSV 36 96,67

RGB + YCbCr 36 98,89

HSV + YCbCr 36 100

RGB + HSV +YCbCr 54 100
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3.2 CLASSIFICATION

After selecting the most discriminative descriptors, classification was performed using each of them in order to compare
the results obtained. Table 3 shows the results of cocoa bean classification using SVM classifier coupled with color features
extracted in three color spaces.

Table 3. Results of cocoa bean classification using SVM classifier coupled with different combination of color features extracted in RGB,
HSV and YCbCr color spaces.

Discrimination result

Descriptors vectors Number of features Recognition rate (%) Accuracy rate (%)
RGB 18 97,78 96,67

HSV 18 100 100

YCbCr 18 98,89 98,33

RGB + HSV 36 100 100

RGB + YCbCr 36 98,89 98,33

HSV + YCbCr 36 100 100

RGB + HSV +YCbCr 54 100 100

It can be noted that the classifier system using selected descriptor had a discrimination rate of 100% as well for the
recognition as for the prediction. Furthermore, through the analysis of table 3, we notice that the classifier system with the
inputs selected descriptors by 10-fold cross validation have a higher classification accuracy than the other descriptor.

As can be seen, the descriptors extracted from the HSV color space are more discriminating than those calculated from the
RGB and YCbCr color spaces. In general, combinations of descriptors extracted from several color spaces significantly improve
the classification results of cocoa beans. These results show that the method proposed in this article is robust to classify cocoa
bean samples according to fermentation degree with an accuracy of 100% in both raining and validation set.

4 CONCLUSION

In this study, a computer vision system was proposed for the classification of cocoa beans according to their fermentation
degree. This classification system is based on supervised learning techniques known as vector support machine (SVM). First,
the bean images were acquired and then segmented to separate them from the background of the image. Once the images
were identified, the color features were extracted from RGB, HSV and YCbCr spaces. Then we proposed a selection procedure
of the best discriminative descriptors vector. Finally, SVM model used the selected descriptors to classify cocoa beans according
to the fermentation degree. The results of this study showed that the machine vision system coupled with SYM model can be
used for the classification of cocoa beans.
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