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Abstract
This paper presents a freshness classification model for determining the quality of amla (Phyllanthus emblica) using features 
extracted from the progressively deteriorating shapes. Estimation of the peripheral distance from the centroid is carried out 
to develop key features regarding the shape of the samples, followed by developing two classifier models using support vec-
tor machine (SVM) and artificial neural network (ANN) to segment the samples into Good and Deteriorated classes. The 
proposed algorithm is simple in analysis as it includes geometry-based computation for identifying the surface irregularities 
and shape changes occurring due to aging the samples. Canny edge detection model is used to obtain the peripheral edges, 
followed by analyzing the same using “ConvexImage.” High accuracy of classification, exceeding 90%, is achieved in most 
cases, using three different feature parameters so developed, either as univariate or multivariate schemes of analysis. Besides, 
the sample images are captured using smartphones only. Thus, high accuracy of freshness classification, along with ease of 
analysis and image capturing using the phone camera itself, makes the algorithm suitable for implementing in low memory 
devices such as smartphones, which would also make the proposed model more widely exploring.
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Introduction

Due to the presence of health-boosting compositional facts 
like phytochemicals, vitamins, minerals, organic acids, and 
carbohydrates, a sharp increase in fruit consumption is per-
ceived (Hussain et al. 2018). The consumer-driven fruit mar-
ket is facing a continuous increase in requirements for higher 
value with respect to fruit product quality. The cutting-edge 
researches indicate adverse health issues are related to the 
consumption of spoiled fruit (Adebo et al. 2021). Thus, 
reliable scientific methods for on-site fruit quality evalu-
ation is a need in recent days (Przybylak et al. 2016). The 
conventional fruit quality evaluations are generally offline 
and destructive in nature. Therefore, a rapid, non-invasive, 
non-contact, diverse, eco-friendly, and precise system is to 
be developed for fruit quality assessment (Suktanarak and 
Teerachaichayut 2017; Caballero et al. 2017). Digital image 
analysis has been used to assess the quality of agricultural 
produce due to its proven features like non-destructive, 
rapid, cost-effective, and accuracy (Ma et al. 2016; Hus-
sain et al. 2018). Though the freshness of food materials 
is perspective, it regulates the consumer preference most. 
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Freshness depends on the variety of the fruit and on the 
experience of the evaluator (Koyama et al. 2021). Objec-
tive indices and consumer evaluation have been combined 
to follow the freshness concept in terms of consumer percep-
tion (Sarkar et al. 2021c; Koyama et al. 2021). Quantifiable 
standards like color, texture, and shape are performing as 
critical indicators during interpretation of sensory evalua-
tion. On contrary, physicochemical characteristics could not 
reflect the perception of the consumers directly. Freshness 
prediction with sensory evaluation based on a traditional 
panel-based system is expensive, time-consuming, and skill-
dependent, whereas machine learning-based techniques may 
have higher efficiency (Sarkar et al. 2021d). The classifica-
tion is possibly similar to human sensory assessment without 
the intervention of a panelist once the model is built with an 
adequate dataset. The puffed snack (Sanahuja et al. 2018), 
fish (Dowlati et al. 2013; Liu et al. 2015), and olive oil 
(Angerosa et al. 1996) quality have already been evaluated 
with machine learning. Texture profile, sound-based sensors, 
and image processing have been considered to construct the 
predictive models. To evaluate the freshness of fruit, visual 
perception has been considered as most important (Péneau 
et al. 2007; Wada et al. 2007). Machine learning and digital 
image processing are in practice to facilitate food quality 
prediction. Smartphone-based digital image processing in 
combination with machine learning has been used in the 
freshness classification of squid and fish samples (Navotas 
et al. 2018; Hu et al. 2020).

Indian gooseberry (Phyllanthus emblica) or amla is an 
ethno-pharmaceutically recognized fruit from ancient times 
(Uddin et al. 2016). Due to the presence of the high amount 
of vitamin C (5–15 g/kg), emblicanin A and B, gallic acid, 
corilagin, quercetin, chebulagic acid, kaempferol, peduncu-
lagin, and mucic acid, the fruit is effective in the treatment 
of diversified diseases, viz., cancer, neurological disorders, 
inflammation, indigestion, hypertension, and osteoporosis; 
it is a proven medicinal fruit efficacious in several infectious 
diseases caused by parasites and lifestyle diseases (Kapoor 
et al. 2020). It is a good source of dietary fiber, potassium, 
copper, and manganese yet low in calories, thus treated as 
a nutrient source for patients with diabetes, cardiovascu-
lar problems, and indigestion-related issues (Gantait et al. 
2021). This seasonal fruit is available from December to 
March with a shelf-life of 6–9 days (Chaphalkar et al. 2017; 
Sarkar et al. 2021a). To get adequate nutritional features, 
one needs to consume fresh fruit, whereas consumption of 
rotten ones may initiate adverse health issues. To ascertain 
the freshness of the fruit changes in texture, color and shape 
are considered primarily (Mukherjee et al. 2021). The visual 
appearance followed by quality assessment is an expert-
dependent attribute (Mukherjee et al. 2022).

The discontinuities within a digital image can be 
identified and located with the help of edge detection 

(Narendra and VHareesh 2011) . The discontinuity is 
described by an abrupt deviation in the pixel intensities 
to depict the object boundary in the image (Manickavasa-
gan et al. 2014). Different edge detection techniques are 
there, namely, the classical, Gaussian-based, and multi-
resolution methods. Edge structure, noise environment, 
and orientation of the edges are the variables considered 
for the selection of appropriate methods (Musoromy et al. 
2010).

The fundamental of the SVM approach discovers the 
optimal separating hyperplane between classes. This may 
be done by observing the training cases which are present 
at the edge of the class descriptor. The training cases are 
generally known as support vectors (Bhargava and Bansal 
2020). Training cases that are not included as support 
vectors may be discarded. This method helps to increase 
the efficiency of using fewer training samples as well as 
optimal hyperplane are also fitted. The use of small train-
ing sets leads to high classification accuracy. SVM has 
been used in the classification of rice and coffee bean 
varieties (Nga et al. 2021; Waliyansyah and Hasbullah 
2021), system development for food gradation (Zhu and 
Spachos 2021), and carrot appearance recognition (Zhu 
et al. 2021).

Biological processes have been modelled reliably and 
efficiently with artificial neural network (ANN) for the 
evaluation of specific objectives (Gago et al. 2010). The 
arrangement and functioning of the human neural system 
are simulated in ANN for processing input information 
followed by decision-making. The non-linear and com-
plex biological events could be modelled with ANN due 
to its inherent learning mechanism to establish the rela-
tionship between input and output features (Gago et al. 
2010; Dutta Gupta and Pattanayak 2017).

Materials and Methods

Indian Gooseberry Sample Collection

Mature, excellent quality freshly harvested gooseberry 
(amla) fruits each having a weight of 15–21 g with a diam-
eter of 2.6–3.5 cm were purchased from Agri Horticultural 
Society of India, Kolkata, India. Fifty samples had been 
segregated randomly out of a total of 383 samples. Empha-
sis has been given on reducing the time gap between pur-
chases of amla and taking them to the laboratory; it must 
be within 15 min. Room temperature must be maintained 
at 25 ± 5 °C, with a relative humidity of 80 ± 5% (Mukher-
jee et al. 2021, 2022). They should not be exposed to direct 
sunlight and must be left without the addition of any pre-
servatives so that natural decomposition can be observed.

1491Food Analytical Methods  (2022) 15:1490–1507

1 3



Image Acquisition

To study the decomposition rate, pictures were captured 
from the very first day using Redmi Note 9 Pro, with speci-
fications 8 nm processor, 4 GB RAM, 128 GB memory, 
48-megapixel camera, android system, and Samsung Isocell 
GM2 sensor taking view from all angles. Four LED lights 
were installed in the room (Eveready 20-Watt LED Bat-
ten, 20 W, 113.5 × 2.5 × 3.6 cm, luminous flux of 100 lm/W 
Lumen, color temperature 6000 K) to make sure there are 
proper lighting facilities to capture images. Fruits were 
placed at a distance of 20 cm from the smartphone to take 
images.

Evaluation of Classes of the Fruits

Sensory qualities of the fruits were judged by a group of 
semi-trained panel which consisted of 39 females and 30 
male persons between the age group 21 and 45 years. ISO 
8586–1 (1993) was followed in performing this. On the other 
hand, ISO 5496:2005 and ISO 10399:2004 were employed, 
respectively, to identify the color and to distinguish two 
fruits (Sarkar et al. 2021b). Whether the fruit falls under 
Good or Deteriorated class is determined by three specific 
sensory attributes, namely, shape, color, and texture.

Methodology of Analysis

Three major features of fruits and vegetables, which are ana-
lyzed mostly while assessing the quality of the samples, con-
tain the color, texture, and shape of the fruits or vegetables. 
The proposed work is about analyzing there the shape of 
the amla samples. We have observed that the round-shaped 
amla fruits undergo an appreciable change in shape, espe-
cially, after major degradation in quality. The smooth sur-
face of the samples mostly becomes uneven on degradation, 
thereby distorting the smooth and near circular peripheral 

orientation. In some of the samples, we have observed that 
the round shape of the sample is modified close to hexago-
nal shape after a few days of deterioration, and other few 
samples trend to degrade differently in shape. Hence, a 
robust algorithm is required to identify these minor changes 
in shape. In this work, we have used the edge analysis of 
the samples, followed by application of the “ConvexHull” 
analysis to identify the exact shape of the fruits. Finally, we 
have computed the peripheral distance from the centroid and 
tried to validate the variation in these distances among the 
Good and Deteriorated samples using supervised learning 
algorithms like support vector machine (SVM) and artificial 
neural network (ANN). The detailed steps of designing the 
algorithm are started below in sequence.

Binary Image Formation

One of the advantages of the proposed scheme is that the 
images need not be cropped for further analysis. Hence, the 
RGB images are directly converted to grayscale images in 
the first step of the work. We have further employed the 
median filtering method in order to incorporate generaliza-
tion in the intensity level among the different sets of images 
of both Good and Deteriorated classes. Hence, we have 
applied median filtering over the grayscale image to obtain 
the median level of the images. These values are used to 
develop a threshold for binarizing the grayscale image itself. 
Hence, all the pixel intensity values belonging to higher than 
the threshold level are assigned as white, and values below 
the same are denoted as black. Thus, binary black and white 
images are developed from the grayscale images using the 
median thresholding.

Demonstration of the three different image stages of the 
image development, i.e., RGB image, grayscale image, and 
the binarized black and white image, is shown in Figs. 1 
and 2. Figure 1 shows the same for a randomly chosen Good 
class of sample, whereas Fig. 2 displays the same for another 
randomly chosen sample from the Deteriorated class.

Fig. 1   a RGB, b grayscale, and c black and white image of a random sample chosen from the Good class
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Obtaining the Edge From the Binary Image

We have adopted “Canny” edge detection model in the 
proposed work, among the several variants. It is observed 
that there are several brownish spots all over the amla sur-
face besides, the directly illuminated spots of the reflected 
light. All of these were highlighted in the black and white 
images and, hence, were all detected as edges, as shown in 
Fig. 3a and b, respectively, to demonstrate the Good and 
Deteriorated samples for a random sample set.

Canny Model

Canny (Canny 1986) introduced a very efficient edge detec-
tion algorithm by identifying the intensity discontinui-
ties in the image. In this model, a Gaussian convolution is 
applied initially to the image, following a two-dimensional 
first-derivative operator (Hoang and Nguyen 2018). This 
derivative operator tries to locate the regions where there is 
a sharp change in intensity level between consecutive pixels, 
by identifying the gradient of the signal output from the 

derivative function. The Gaussian filter applied initially is 
described as

where G
�
(m, n) is the Gaussian function, represented as

This function has a variance of �2 , where � is the stand-
ard deviation. Thus, expression (1) represents the convo-
lution of G

�
(m, n) with f (m, n) , where m and n represent 

the coordinates of the image pixel location, row-wise, and 
column-wise and f (m, n) represents image neighborhood 
corresponding to pixel coordinate of (m, n). The gradient, 
function g(m, n) , is computed using a certain gradient opera-
tor using the equation given by

where NIC  represents an image neighborhood 
and gm,n(m, n) denotes the combined result of the 

(1)g(m, n) = G
�
(m, n) ∗ f (m, n)

(2)G
�
(m, n) =

1
√

2��2

exp

�

−
m2 + n2

2�2

�

(3)gm,n(m, n) =

√

(gm(m, n).NIC)
2 + (gn(m, n).NIC)

2

Fig. 2   a RGB, b grayscale, and c black and white image of a random sample chosen from the Deteriorated class

Fig. 3   Edge-detected image 
using “Canny” edge detection 
model of a Good class and b 
Deteriorated class
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estimatedgradients.This is followed by non-maximum sup-
pression for narrowing out the edges (Canny 1986). The 
canny model primarily relies on two specific parameters, 
such as T1 and T2, which help in carrying out double thresh-
olding analogy, where T1 is the lower threshold and T2 is 
the upper threshold. Hence, the edge pixels which are found 
higher than the upper threshold T2 are considered as strong 
edges, and those which are lower than the lower threshold T1 
are suppressed. The edge pixels which lie in the intermediate 
range between T1 and T2 are also considered weak edges and 
primarily suppressed.

“ConvexHull” Analysis

The edges, which were detected within the main body of the 
samples, especially in more numbers in the Deteriorated 
samples, are useless for the proposed work. These edges 
primarily denote the illuminated spots and the brownish deg-
radation of the fruit. In this work, we are rather concentrat-
ing more on the surface irregularities, leading to distortion 

in shape of the sample. Hence, these isolated edges, detected 
within the fruit image, need to be eliminated for finding only 
the peripheral edges of the samples. In this work, we have 
tried to explore the peripheral surface of the samples and 
distinguish the deterioration for judging the smoothness of 
the surface. The Deteriorated fruits are found to have irregu-
lar and mostly hexagonal peripheral surfaces, whereas the 
Good samples have smoother and circular circumference. 
Hence, only the peripheral surface is required to be inves-
tigated, and the internal edges need to be removed. Thus, 
we have use the “ConvexHull” technique for finding out the 
silhouette of the amla images, which would prominently 
identify the irregularities on the surfaces of the Deterio-
rated samples. The method of' “ConvexHull” is basically a 
matrix specifying the smallest convex polygon containing 
a particular region. “ConvexImage,” so developed from the 
“ConvexHull” analysis, is primarily a binary image (i.e., 
logical image) that specifies the “ConvexHull,” where all 
the pixels inside the hull are filled in, i.e., these are set to on.

Fig. 4   a Black and white, b “ConvexImage,” and c edge-detected binary image of the “ConvexImage” of a random sample chosen from the 
Good class

Fig. 5   a Black and white, b “ConvexImage,” and c edge-detected binary image of the “ConvexImage” of a random sample chosen from the 
Deteriorated class
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Two different example cases of Good and Deteriorated 
classes are demonstrated in Figs. 4 and 5, respectively. 
Figures 4b and 5b show, respectively, the “ConvexHull” 
of the two classes. These “ConvexHull” images are fur-
ther analyzed using an edge detection model to identify 
the peripheral edges most prominently. The final images of 
Figs. 4c and 5c contain only the surface edges and disregard 
any of the edges developed interior to the samples, as was 
found on direct edge analysis of the black and white images 
obtained as Fig. 3a and b, respectively. This clearly demon-
strates the effectiveness of the “ConvexHull” model used in 
the present case in connection with edge analysis.

Computation of Peripheral Distance and 
Development of Feature Ratios

The next task is the estimation of the peripheral edges from 
the center of the edge-detected image. Hence, we have 
first computed the centroid of the image along the x and 
y coordinates, respectively. The edge image is basically a 
binary image where the black pixels are denoted by zero 
and the white edges are denoted by unity. Thus, we have 
first found out the centroid of each image and then computed 
the Euclidean or victor distance of each of these peripheral 
edge pixels (denoted by intensity level 1) from the centroid.

We have observed that the Good class of images has a 
smoother peripheral surface, whereas the Deteriorated 
samples have developed several irregularities. The most 
important observation that we have noticed is that many of 
the samples, on degradation, become close to hexagonal in 
shape. This is due to the reason that amla has six major axes 
along the surface, i.e., each major axis lies close to 60° apart. 
The surface straightens more in between the two major axes, 
and hence, the shape of some of the Deteriorated sample 
closes to a regular hexagon.

The method of determining these distances is shown in 
Fig. 6a and b, respectively, for the Good and Deteriorated 
samples.

The edges obtained from these images are analyzed 
to find out the distances between the centroid and the 
peripheral edge points as discussed in the earlier section. 
These distances are the major features that are considered 
for subsequent analysis. It is well-known that when the 
samples are in good condition, the surface is smoother 
and the shape is closer to a circle, whereas when these 
deteriorate, the peripheral surface wrinkles and shrinks in 
many areas. Hence, the variation of the distance between 
the centroid and the peripheral point is more in the case of 
the Deteriorated samples. The same distances for the Good 
samples are very close to each other since the peripheral 
surface is much smoother and almost equally distant from 
the centroid. Thus, three ratios are developed using these 
peripheral distances as follows:

These features are analyzed further using support vec-
tor machine (SVM) model and artificial neural network 
(ANN) model to authenticate this difference in variation 
of the peripheral distances and thereby classifying models 
between the Good and Deteriorated classes. The whole 
method of image classification is described here using a 
sort of pseudo code, followed by describing the same using 
a flow diagram (Fig. 7).

(4)

Ratio1 = (Standarddeviationofthevectordistances)∕(Minimumvectordistance) × 100

(5)
Ratio2 = (Maximumvectordistance)∕(Minimumvectordistance)

(6)
Ratio3 = (MaximumvectordistanceMMinimumvectordistance)

∕(Minimumvectordistance) × 100

Fig. 6   Computation of per-
pendicular peripheral distance 
from the centroid of the edge-
detected binary image of the 
“ConvexImage” for a random 
sample chosen from the a Good 
class and b Deteriorated class

1495Food Analytical Methods  (2022) 15:1490–1507

1 3



1496 Food Analytical Methods  (2022) 15:1490–1507

1 3



Fig. 7   Flowchart of the proposed freshness classifier
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Result and Analysis

We have studied the variations of the peripheral distance 
from the centroid of each edge-detected image carefully. 
In this work, we have analyzed 170 Good samples and 170 
number of the Deteriorated samples. Results show that 
the variation of the peripheral distances is much higher in 
the case of Deteriorated samples compared to the Good 
ones, which is in connection with the rationale so devel-
oped. These variations of a Good class of sample and a 
Deteriorated class of sample, picked up in random, are 
shown in Fig. 8.

The blue lines which are the computed peripheral dis-
tances of a Good sample are observed to lie within a range, 
which is much lower compared to the red lines, indicat-
ing a Deteriorated sample. In order to quantify the same, 
we have analyzed the three major detection parameters 
from these variations, given by expressions (4), (5), and 
(6) respectively, which are used further with the SVM and 
ANN classifier models. These three ratio parameters are 
computed for all the samples, and the variation of these 
three parameters is shown in Fig. 9.

It is observed from all the subfigures of Fig. 9 that there 
is a visible distinction between the Good and Deteriorated 
samples considering all three ratios. Figure 9b and c are 
identically close since these two ratios are depending 
directly on the maximum and minimum peripheral dis-
tance from the centroid. This apparent separation of the 
two classes using all the three features is further analyzed 
graphically using boxplots as shown in Fig. 10, which fur-
ther emphasizes the above facts.

These boxplots clearly show that the two classes with 
all the three feature ratios are separable with little over-
lap between the separating classes. The boxplots of ratio 
2 and ratio 3 especially show that there are few outliers 

that lie within the region of the opposite classes. Hence, 
this qualitative separation of the feature points for all the 
three ratios is analyzed using SVM and ANN classifiers. 
We have used all the three feature ratios independently 
in the proposed SVM classifier, as well as taken pairs of 
these features and plotted them against each other. The 
plot of ratio 1 against ratio 2 for all the samples points, 
includingg the Good and Deteriorated classes, is shown in 
Fig. 11a, and the contour of the points is also marked with 
a continuous line. Apparent observation of Fig. 11a shows 
that there is overlap between the two classes when 
observed qualitatively. Hence, these features are used with 
the proposed SVM classifier to develop an accurate classi-
fication of the same. The SVM classification of the whole 
set of samples is shown in Fig. 11b which demonstrates 
that the two classes of samples are well separated using 
a single line to yield classifier accuracy exceeding 90%.

Classifier Outcomes

The classifier outcomes using the two supervised learning 
models are shown in Tables 1 and 2.

It is observed from the table that the classifier accuracy, 
using both the SVM and ANN models, is very much compa-
rable, including both the univariate and bivariate schemes. 
These results are further illustrated using bar diagram as 
shown in Fig. 12 and Fig. 13 to compare the classifier out-
puts from these two models, as well as compare the results 
from univariate and bivariate models.

It is further emphasized from Table 2 and from Figs. 12 
and 13 that both of these models produce comparable out-
comes, although SVM model possesses minor advantage 
over the ANN prototype in terms of marginally improved 
average, maximum, and the least accuracy level. This is 

Fig. 8   Variations of orthogonal 
distance between the centroid 
and the peripheral edge pixels 
for two randomly chosen sam-
ples; one from each of the Good 
class (shown in blue lines) and 
Deteriorated class (shown in 
red lines)
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observed from each sub-figure of Fig. 12. But, the ANN 
model, although is marginally behind the SVM classifier 
in terms of the mean classification accuracy, has one minor 
advantage in terms of the average deviation in accuracy 
outcomes from sample to sample, which is represented by 

the standard deviation of the results as shown in Fig. 13a. 
This inference is further highlighted from the range of 
accuracy levels from both the models, which is described 
in Fig. 13b. It is well observed from this sub-figure that 
the range of classifier accuracy levels obtained from 50 

Fig. 9   Scatter diagram of the three different feature ratio points of the 170 samples belonging to the Good class (shown in green circles) and 170 
samples belonging to the Deteriorated class (shown in red circles): a distribution of ratio 1, b distribution of ratio 2, and c distribution of ratio 3

Fig. 10   Boxplots showing the 
distribution of three different 
ratio feature points of the Good 
and Deteriorated class: a distri-
bution of ratio 1, b distribution 
of ratio 2, and c distribution of 
ratio 3
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numbers of experimental observations is higher for SVM 
outputs in most of the cases. This further infers that the 
ANN classifier produces somewhat less deviation in 
results for consecutive experiments, although this differ-
ence is not majorly distinct.

Another comparison between the univariate and bivari-
ate analysis schemes, using both the models, shows that the 
bivariate analysis produces marginally improved accuracy 
level compared to the univariate analysis-based models, as 
observed from the mean and maximum and minimum levels 
of accuracy plot of Fig. 12. This improvement of maximum 
accuracy attained using bivariate scheme is more predomi-
nant with the ANN model, as found from Fig. 12b. Thus, 
in a single note, both the proposed classifier models work 
almost equally efficiently in predicting the freshness class 
of the samples.

Analysis of the Model Performance

The model performance is evaluated considering the 
following:

(7)
Accuracy(%) = (PTrue + NTrue)∕(PTrue + PFalse + NTrue + NFalse)

(8)Precision = PTrue∕(PTrue + PFalse)

(9)
Sensitivity(TPRortruepositiverate) = PTrue∕(PTrue + NFalse)

(10)
Quality measure = 2 × (Sensitivity × Precision)∕(Sensitivity + Precision)

(11)
Intersectionofoverallunion = PTrue∕(PTrue + PFalse + NFalse)

Fig. 11   a Bivariate distribution 
of ratio 1 and ratio 2 values 
of the Good class (shown in 
green circles) and Deteriorated 
class (shown in red circles), the 
terminal points are contoured; b 
SVM classification of the same 
distribution of samples
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Table 1   Previous researches on edge detection techniques in the field of food analysis

Food system Aim of research Edge detection tech-
nique

Metrics for perfor-
mance analysis

Accuracy Reference

Egg Detection of cracks on 
the surface of eggs

Sobel filter Specificity, accuracy, 
false positive rate, 
false negative rate

94.0% Priyadumkol et al. 
2017

Red and green apple, 
potato, carrot, 
orange, mango, egg, 
pear

Measurement of 
volume of different 
food product

Sobel filter Mean square error - Siswantoro et al. 2015

Slice of marbled meat Estimation of fat 
content in meat

Canny method Root mean
square error, signal-

to-noise ratio

- Hussein et al. 2011

Milkfish, round scad, 
and tilapia fish

Classification of fish 
freshness

Canny method Accuracy Milkfish = 90.0%
Round scad = 93.3%
Tilapia = 100%

Navotas et al. 2018

Red and green apple, 
orange

Recognition of fruits 
and classification of 
the fruits depending 
on their size

Canny and modified 
Canny method

Accuracy 100% Rabby et al. 2018

Litchi, mango, pome-
granate, papaya, and 
orange fruits in the 
tree

Detection of fruit on 
the tree

Gradient magnitude Accuracy 90.0% Hetal et al. 2011

Apple Detection and grada-
tion of fruits

Connected boundary 
tracking method

Absolute and relative 
error

- Dang et al. 2010

Olive Defect detection 
and classification 
(healthy)

Special image con-
volution algorithm, 
texture homoge-
neity measuring 
technique, Canny 
method

Accuracy 65–100% Hussain Hassan and 
Nashat 2019

Apple Defect detection from 
thermal images

Canny method Rate of detection Defective and sub-
surface detec-
tive = 90%

Sound = 100%

Satone et al. 2017

Orange Detection of oranges Canny method Accuracy 85% Thendral et al. 2014
Rice Grading and detection 

of stone in rice
Canny method - - Pratibha et al. 2017

Rice Classification on the 
basis of rice type 
and length of rice

Gradient, differentia-
tion, Sobel, Sigma, 
Roberts, and Perwitt

- - Mahale and Korde 
2014

Banana Ripeness and size 
determination

Sobel, Prewitt, 
zero-cross method, 
Roberts, Laplacian 
of Gaussian (LoG), 
Canny method

- - Mustafa et al. 2008

Dates (Fard variety) Hard and soft clas-
sification

Canny, LoG, Roberts, 
Sobel, high-pass 
filter

Accuracy 75–97.3% Manickavasagan et al. 
2014

Banana Ripeness determina-
tion

LoG Accuracy 98.0% Mendoza and Aguilera 
2004

Mango Mango detection from 
video

Sobel, Prewitt, Canny - - Gaikwad and Manza 
2012

Indian restaurant 
food

Segmentation and 
classification of 
Indian cuisines

Edge adaptive deep 
convolutional neural 
network

Accuracy, sensitivity, 
Jaccard score

98.77–99.48% C. Burkapalli and Patil 
2020

Papaya Fruit detection in its 
natural background

Canny method - - Limsiroratana and 
Ikeda 2005
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(12)
Specif icity(truenegativerate) = NTrue∕(NTrue + PFalse)

(13)Negativepredictivevalue = NTrue∕(NTrue + NFalse)

(14)Falsepositiverate(FPR) = PFalse∕(PFalse + NTrue)

(15)Falsenegativerate(FNR) = NFalse∕(NFalse + PTrue)

(16)
Mathew Correlation (MC) = [(P

True
× N

True
)M (P

False
× N

False
)]

∕[(P
True

+ P
False

)(P
True

+ N
False

)(N
True

+ P
False

)(N
True

+ N
False

)]1∕2

(17)Kappavalue(K) =
Zi − Zf

1 − Zf

where:

where:
PTrue = true positive,
PFalse = false positive
NFalse = false negative
NTrue = true negative
The results obtained from both the models are analyzed using 

the above performance parameters and also shown in Table 3.

Z0 = (PTrue + NTrue)∕(PTrue + PFalse + NTrue + NFalse)

Z
e
= [(P

True
+ P

False
) × (P

True
+ N

False
)

+ (N
True

+ N
False

) × (P
False

+ N
True

)]

∕((P
True

+ P
False

+ N
True

+ N
False

)2

Table 1   (continued)

Food system Aim of research Edge detection tech-
nique

Metrics for perfor-
mance analysis

Accuracy Reference

Potato chips Potato chip classifica-
tion based on texture 
and color

LoG Accuracy 84.7% Mendoza et al. 2007

Potato chips Machine vision sys-
tem development

LoG - - Pedreschi et al. 2006

Rice Identification of dif-
ferent rice variety 
and quality analysis

Canny method Accuracy Classification = 92.3%
Quality = 89.5%

Asif et al. 2018

Pizza, rice, and apple Food quality inspec-
tion

Sobel, Canny, Prewitt, 
LoG, Roberts, zero 
crossing

- - Narendra and VHa-
reesh K. , 2011

Table 2   Outcomes of the two-edge detection-based freshness classifier models

Classifier model Number of variables involved Classifier features Classifier accuracy (%)

Mean Maximum Minimum SD

SVM Univariate classification Ratio 1 only 87.2 91.2 81.8 2
Ratio 2 only 92.2 95.3 88.8 1.3
Ratio 3 only 92.4 95.3 88.8 1.6

Bivariate classification Ratio 1 and ratio 2 93 95.9 88.2 1.6
Ratio 1 and ratio 3 92.7 95.3 88.2 1.5
Ratio 2 and ratio 3 92.9 95.9 90 1.4

ANN Univariate classification Ratio 1 only 86.5 88.5 82.7 1.8
Ratio 2 only 90.6 92.9 87.3 1.2
Ratio 3 only 90.7 92.4 87.5 1.5

Bivariate classification Ratio 1 and ratio 2 92.8 95.3 88.7 1.6
Ratio 1 and ratio 3 93.3 95.3 89.1 1.5
Ratio 2 and ratio 3 90.1 92.7 87.8 1.3

Multivariate classification Ratio 1, ratio 2, and ratio 3 91.9 94.1 88.3 1.4
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Discussion

The proposed work is based on analyzing amla samples of 
different qualities for the determination of the edibility of the 
samples. The major highlights of the proposed work are illus-
trated below.

One of the major highlights of the work is that it elimi-
nates the requirement of capturing images of amla samples 
following any sort of uniform protocol, such as captur-
ing images from any particular angle or from a certain 
fixed distance. This is because the amla fruits are close 
to spherical in shape, and hence, images captured from 
almost any angle would mostly identify the smoothness of 
the shape of the Good samples and the different superficial 

irregularities of the Deteriorated samples. This makes the 
proposed algorithm more generalized in terms of image 
capturing, even using smartphones. This would help in 
wide applicability of the model and ensure robustness of 
the same, especially using smartphones for capturing the 
images.

In this work, we have used the ratio of the minimum to a 
maximum distance of the peripheral surface of the samples 
from the centroid as well as we have also analyzed the ratio 
of standard division to the minimum value of these periph-
eral distance values of any particular sample. Hence, it also 
eliminates the requirement of taking snapshots of the sam-
ples from any particular distance or angle. In other words, 
even if the sample image is small or large, the proposed 

Fig. 12   A comparative analysis of (a) average, (b) maximum, and (c) minimum accuracy obtained from the SVM and ANN classifiers

Fig. 13   A comparative analysis of the (a)  standard deviation of accuracy outcomes from the mean accuracy level, and (b) range of classifier 
accuracy obtained from the SVM and ANN classifiers

1503Food Analytical Methods  (2022) 15:1490–1507

1 3



method of ratio analysis would generalize these differ-
ences within appreciable limits. The above two features 
make the proposed algorithm more generalized as well as 
robust in terms of image capturing from different angles 
and distances. These qualities of a classifier are very much 
required as it is impractical for a person or the automation 
system which would take the sample images to follow iden-
tical protocol every time regarding the angle of the image 
as well as distance while capturing the images. Hence, the 
proposed classifier has good quality of robustness as well 
as practical applicability.

Apart from these features, the proposed work uses the 
“Canny” edge detection method which is already an estab-
lished edge detection algorithm. The application of this 
edge detector identifies the edges in the samples which 
are very much essential for the work. Apart from that, 
we have applied the “ConvexHull” analysis on the edge-
detected images to extract only the peripheral surface of 
the samples which are the only requirement for this pro-
posed work. The application of this technique identifies 
the surface very accurately, thereby helping in accurate 
estimation of the distance of the surface edge points from 
the centroid.

The proposed work is light in computation as this 
incorporates only the edge detection model, followed by 
validation of the classified features using SVM and ANN 
methodologies. Hence, this low computational feature 
enables the proposed model to be applied even on the 
low memory devices, as well as enables fast computation 
of the results.

The classifier accuracy obtained using the two models is 
very high. The average accuracy of classification using the 
SVM and ANN models exceeds 90% for both the models, 
considering almost all the ratio features, either in univari-
ate or bivariate mode. The peak accuracy exceeds 95% in 
both the models using some of the selected feature or fea-
ture pairs. This level of accuracy itself is very high when 
compared to some of the other contemporary schemes. 
This higher accuracy of classification combined with the 
robustness of the system makes the proposed algorithm 
very useful, especially for the detection of freshness of 
spherical fruit samples like that of amla.

Another very important feature of the work is that the 
images analyzed here are captured using smartphones 
only. It is also established by the work that the angles of 
the images as well as the distance of capturing the same 
does not majorly affect the classification process. Besides, 
the low computational burden of the method makes the 
algorithm suitable for application in low memory devices 
as well. All these features altogether make the proposed 
algorithm to be implemented on a very handful device like 
smartphones using application-based software, especially 
considering the fact that the images are itself captured in Ta
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the same device. This would influence a wide application 
of the proposed classifier.

Conclusion

The proposed work is an attempt to develop an accurate 
freshness detection model for quality assessment of amla 
samples. In this work, we have analyzed the shape of the 
samples, which tend to deteriorate progressively with 
time. The peripheral surface of the samples are detected 
using Canny edge detection scheme, and these edges are 
analyzed for identifying the non-uniformity of the surface 
smoothness, which normally creep into the Deteriorated 
samples. Support vector machine (SVM) and artificial 
neural network (ANN) are applied further to develop two 
accurate classifier models, which are able to detect the 
Deteriorated samples with more than 95% peak accu-
racy level. Besides, ease of capturing the images using 
smartphones and without following any fixed protocol 
regarding the angle of capturing images, or the distance 
from the sample, makes the model more robust. Thus, 
low computational analysis, high accuracy, and increased 
robustness make the proposed algorithm suitable for 
implementation in real-time applications, especially in 
smartphone-based applications.
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