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Abstract: The texture analysis-based scheme for identifying non-consumable amla fruit (Emblica
officinalis) samples is proposed here. The method uses entropy analysis to detect wrinkles and
irregularities developed on the fruit surface with progression in time. Since entropy is one of the major
tools used to detect the randomness of data, it is used here to identify these surface irregularities, which
are almost absent in fresh samples. Based on these features, the edibility of the samples is predicted.
Principal component analysis (PCA) further analyzes these entropy features to enhance the most
important directions of variations, followed by a threshold-based segmentation scheme to detect rotten
samples. The method possesses less computational burden as it applies PCA and entropy only; it is
highly efficient to yield a high detection accuracy of 93.33%; hence, it is easy for real-life
implementation.
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1. Introduction

Identification of the quality of fruits is of major importance in the field of research. This
is more important for identifying non-consumable fruit samples: both for bulk production in
factories and for direct consumer applications. This task is quite challenging, as the same fruit
or vegetable possesses many varieties that are different in color, shape, and texture, especially
as ripeness varies. Another challenge lies in the dissimilarity of methods for image acquisition
[1].

Colour and texture analysis are the most common methods employed to detect rotten
samples among a bulk of fruits. The color pattern and intensity change progressively; as well
as, wrinkles and other discolored patches are also developed on the surface of the fruits as these
rotten gradually. Researchers have analyzed both the hue-saturation-intensity pattern [2] or the
red-green-blue (RGB) space [3,4] to identify features. Entropy has always been an effective
tool for the detection of the randomness of data. The surface texture irregularities develop
severe randomness as the surface wrinkles and develop dark patches and lines. A similar
entropy-based feature extraction method of food image has been considered for dietary
assessment [5], though there is a lesser number of evidence for entropy consideration for food
image analysis. In this work, we have studied the surface of the Amla fruits using the entropy
filtering method to extract irregular features. These features are further analyzed using principal
component analysis (PCA), a multivariate statistical model to identify the key directions of
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variation of the entropy features, reducing the data set's dimension. Analysis in this work has
shown that the application of PCA over these entropy values allows for enhanced segmentation
of the ‘consumable’ and ‘non-consumable’ classes of fruit samples. PCA has also been applied
in abundance in agricultural researches, especially for defect detection works, incorporating
image analysis of different fruits [6] and vegetables like orange and mandarin [7], mushrooms
[8], peaches [9], cucumbers [10], nuts [11] and apple [12-15]. Hybrid analysis of PCA with
other methods like multi-class kernel support vector machine (kSVM) [16], hierarchical cluster
analysis (HCA) [17], wavelet entropy and neural network [18] and several others have been
developed over the years. Researchers considered kernel PCA, especially for multivariate
image analysis (MIA) [19]. Researchers have proposed efficient bruise detection methods of
fruits using a multi-tool model including PCA [20-22].

Many other methodologies, apart from PCA, are also used in a huge number of
researches. The latest development of soft computational methods has given a huge rise in the
use of several techniques in food quality assessment. Advanced recently developed methods
like deep neural networks have been investigated in good numbers in recent research [23-25].
Many other works have concentrated on analyzing the geometrical characteristics of fruits and
vegetables, including their area and perimeter etc. [26-28]. Other latest methods include the
application of Hopfield networks [29]. Quality assessment of foods during various storage
conditions is also analyzed using the image processing technique [30]. In the present work,
although, we have used only PCA-based features, aided by entropy analysis, to develop an
efficient amla fruit quality determining algorithm.

The proposed work incorporates entropy features and PCA to develop a threshold-based
binary classification of amla fruits to detect non-consumable samples. The method is easy in
computation as it uses only PCA and entropy filtering and avoids using computationally
heavier methods like the supervised learning models using neural networks, requiring large
training or the transform-based models like wavelet or Fourier based spectrum analyses, which
are other extremely used models. More importantly, use only the first PC reduces the
computation and dimensionality of the model. The effectiveness of the proposed model is also
highlighted by its high accuracy of 93.33% for defect detection. Besides, the present scheme
doesn’t use any pre-filter to pre-process the image, which further reduces the complexity of
analysis. Finally, the use of smartphones for taking images ensures the on-site availability and
portability of the proposed quality assessment model. A few of the researches with their
methodologies and parameters considered are described in Table 1.

Table 1. Researches in the field of image analysis for food samples using multivariate analysis.

Slno. | Sample Obijective Image acquisition Method used | Parameters considered | Ref.
1 pesto Automated food | common digital | PCA R, G, B values [4]
sauce colour evaluation camera
2 Orange Skin defects detection | charge-coupled PCA Colour and texture [7]
camera
3 Left over | Identification of | stereomicroscope PCA R, G, B followed by | [31]
food stuff | traces of packaging | coupled with a color grams
material in food digital camera
4 Corn Mass and volume | conventional partial least | R, G, B and H, S, V | [32]
measurement scanner squares (PLS) | values
5 Tartrazine, | Detection of artificial | flatbed scanner PLS HSV, Lab, YCBCR and | [33]
Allurared | food colorant CMYK values
6 maize Quantification of | Digital camera PLS R, G, B followed by | [34]
defective kernels color grams
7 Soft drinks | Sunset yellow in soft | Fluorescent lamps | Multivariate L, a, b values [35]
drinks illuminated sample; | Linear
CCD digital camera | Regression
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Slno. | Sample Obijective Image acquisition Method used | Parameters considered | Ref.
8 Vitaminsu | Iron quantification smartphone PCA R, G, B values [36]
pplement operating with
tablets Android 4.3
9 hazelnut Defect detection Digital camera PLS-DA, R, G, B followed by | [37]
interval-PLS- | colourgrams
DA
10 green Defect detection Near Infra Red PCA, PLS-DA | Wave number [38]
coffee Spectral Scanner
11 Raw ham Red skin  Defect | Digital camera PLS-DA R, G, B followed by | [39]
detection colourgrams
12 pig fat Classification of fat | Near Infra Red PCA, PLS-DA | Wave number [40]
samples Spectral Scanner
13 pesto Sensory and | tungsten lamp | PLS R, G, B values [41]
sauce compositional illuminated sample;
parameters digital camera
14 mushroom | Bruise detection line-scanning PCA Wave number [8]
S Hyperspectral image
instrument
15 gulupa Ripeness Digital camera PCA Hue angle, chroma [42]
(Passiflora
edulis
Sims. fo
edulis)

2. Materials and Methods

We have collected five samples of fresh amla samples on day 1 and keep these at room
temperature (255 °C), away from direct sunlight. The samples are allowed to degrade in
quality, and images have been captured daily thrice daily [43,44]. The samples started to
degrade in quality as these developed dark patches all over the surface; as well as, the skins of
the samples also became wrinkled progressively. The hedonic scale has been used to evaluate
the samples manually [17,45] when it was found that the samples were at the freshest most
condition during days 1 and 2, when the scale was above 8 units. These are denoted as ‘Fresh’
samples. From the 7th day onwards, the quality degraded to below 5 units, when these were
declared to be ‘Rotten’. During the intermediate days, i.e., days 3 to 6, the samples were
mentioned as ‘Intermediate’. In this work, we have considered the first two classes together as
‘Consumable’ class, and the ‘Rotten’ class as ‘Non-Consumable’ class; thus, paving the way
for a binary classifier model for ‘Non-Consumable’ sample detection.

We have cropped the image from the center part of it to accommodate the maximum
area of the fruit surface, followed by resizing the same to a 300x300 image. We have tried to
accommodate approximately the highest possible square at the round amla fruit image center.

The three-layer Red-Green-Blue (RGB) image is then converted to a grayscale image
for texture analysis. This conversion further reduces the image to 33% approximately since it
merges the three independent layers to a single grayscale layer; thereby, further reducing the
computational burden.

3. Results and Discussion

Entropy filtering is applied here when the image is scanned by using a 9-by-9 matrix to
find out the entropy value of the 9-by-9 neighborhood around each pixel, thus forming an
entropy array for each row and column; using symmetric padding at borders. Hence, it yields
another matrix of the same dimension, denoted as entropy matrix; although, not an exact image
since the entropy values are floating. Hence, the entropy matrix is scaled using expression (1)
as shown below:
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[E] 300x300 = Entropy filtering of the image matrix [1] 300x300; (@)
where, E is the entropy matrix of the image 1. Each element of this entropy matrix is scaled to
develop the entropy image (F) using the following expression as:

fi= (ei—e_max) / (e_max - e_min) ; 2
where, eiis the i-th element of the entropy matrix (E); e_max and e_min are the maximum and
minimum values; and fiis the i-th element of the entropy image(F). Hence, F becomes another
300x300 image, shown in Figure 1.
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Figure. 1. (a) Centered cropped image, (b) grayscale converted image, (c) entropy image

Finally, PCA is applied over the entropy histogram to obtain PC scores, each score
point indicating image. The first PC is only considered here, which is found to provide
sufficient distinguishing features. These features are compared to provide segmentation
between the ‘Consumable’ and ‘Non-Consumable’ classes. The steps associated with the
design of the algorithm are shown in the form of a flow diagram in Figure 2.
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Figure 2. Flow diagram of the proposed algorithm.

The histogram of the total 45 samples is shown in Figure 3(a); where we have taken 15
samples from each ‘Fresh’, ‘Intermediate’ and ‘Rotten’ categories. The average level of these
three classes is further shown independently in Figure 3(b), which shows a large overlap
between each class; although, the nature of the ‘Rotten’ class is shifted more towards the high-
intensity value.
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Figure 3. (a) Frequency distribution of intensity values of three classes, (b) average representation.
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The first PC indices (PC1) are found for each sample image; i.e., each image is
represented by a single PC1 point. We have found out that only PC1 is significant enough to
segregate ‘Consumable’ and ‘Non-Consumable’ categories. The distribution of training
samples is illustrated in Table 2 and in Figure 4.

Table 2. Training data set description.

Class Consumable Non-Consumable
Fresh Intermediate Rotten
Day of progression 1,2 3t06 7,8
15 30 15
Number of samples
p 45 15
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Figure 4. Segmentation of PC1 index of ‘Consumable’ and ‘Non-Consumable’ classes using a threshold.

It is observed from Figure 4 that entropy-PCA index of samples belonging to the
‘Consumable’ and ‘Non-Consumable’ classes could be separated using a ‘Threshold Line’, as
shown using a dotted line. The PC1 points belonging to ‘Consumable’ class mostly cluster
above the threshold line; whereas, the same for the ‘Non-Consumable’ class lies below. It is
further observed that the distribution of points belonging to the two classes leaves a very narrow
band in between. These PC1 values of the two classes are also analyzed using boxplots, as
shown in Figure 5 to compare their distribution. It is observed from here that the threshold line
is able to segregate the ‘Consumable’ and ‘Non-Consumable’ classes distinctly without any
overlap; although, the margin of separation is very narrow. But the median values of the two
classes are well apart. This shows the usefulness of such threshold-based analysis. The test
sample is analyzed similarly and the entropy-PCA index is observed to locate its position above
or below the threshold; thus, determining the class.
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Figure 5. Segmentation of entropy-PCA index values of ‘Consumable’ and ‘Non-Consumable’ classes.

The effectiveness of using PCA over the entropy features is illustrated in Figure 6;
which shows the average entropy histograms of ‘Consumable’ and ‘Non-Consumable’ classes,
along with the corresponding boxplots. Figure 6(a) shows that there is major overlap
considering the intensity values of both classes. Figure 6(b) shows the overlap in magnitudes
of histograms. These major overlap in either axis shows marginal ineffectiveness of using
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entropy features only. Application of PCA over these features broadly segments the two classes
without any overlap. Comparing the two boxplots, i.e., Figure 5 with that of Figure 6(b), shows
this distinction prominently, displaying the effectiveness of using PCA over the entropy
features.
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Figure 6. (a) Entropy histogram of ‘Consumable’ and ‘Non-Consumable’ classes (b) corresponding boxplots.

The Proposed model is tested with the remaining 60 fruit image samples. The test
results are shown in Table 3, which shows that the proposed model detects the classes very
accurately. It is found that 56 out of the 60 test cases are identified correctly, yielding an overall

accuracy of 93.33%.
Table 3. Classifier outcomes.

Predicted Class
True Class Consumable Non-Consumable Total
Consumable 43 2 45
Non-Consumable 2 13 15

Overall accuracy of classification: 93.33%
The efficiency of classification is further evaluated with the following metrics:

Accuracy (%) = (True Positive + True Negative)/(True Positive + False positive+False

Negative+True Negative) 3)
Specificity (%) = True Negative / (True Negative + False Positive) 4)
Sensitivity (%) = True Positive / (True Positive + False Negative) (5)
Precision (%) = True Positive / (True Positive + False Positive) (6)
F-score = 2*(Sensitivity * Precision) / (Sensitivity + Precision) (7)

Table 4 represents the measure for the performance of the methodology proposed. The
high F-score signifies the robustness of the classifier; overall accuracy of 93.33% indicates the
lower rate of errors. The higher overall specificity and sensitivity indicate accurate
predictability of the target class. Both these parameters indicate the model's competency to
differentiate between ‘Consumable’ and ‘Non-Consumable’ fruits.

Table 4. Performance analysis of the entropy based PCA model.

: Accuracy Specificity Sensitivity Precision
Parameter F-score (%) (%) (%) (%)
Consumable 95.55 93.33 86.67 95.55 95.55
Non-Consumable 86.67 93.33 95.55 86.67 86.67

4. Conclusions

A texture analysis method using entropy and PCA has been proposed here to identify
amla fruits' edibility. Only the first principal component has been considered here to develop a
threshold-based classification scheme. This segregates the samples into Consumable’ and
‘Non-Consumable’ classes. The method is simple since it uses entropy and PCA as the major
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feature extractor and doesn’t include supervised learning or mathematically heavier transform-
based methods. Besides, non-use of any pre-filter further enhances computational ease. Finally,
the proposed model is highly effective with more than 93% accuracy of freshness detection,
suggesting the possibility of real-life implementation of the algorithm.
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