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Abstract This paper presents the use of a in situ devel-

oped ultrasonic machine vision system for quality param-

eter extraction of breadcrumb features and freshness. An

image processing technique has been used for breadcrumb

analysis on collected digital images of various bread

samples while an ultrasonic assessment technique has been

used for quantification of the freshness of various bread

samples. Various threshold methods (isodata, Otsu, mini-

mum error, moment preserving and fuzzy method) have

been implemented and compared with the proposed

method to segment breadcrumbs from collected digital

bread images. Threshold performance was assessed by two

important criteria such as uniformity and busyness (ar-

rangement of a pixel to its neighborhood pixels) of the

binary versions of input breadcrumb sample images.

Quality parameters were computed for each optimal

threshold on 500 digital images of bread slices. Other

important quality parameter of bread is the outline of its

brown color section, which corresponds to the appropriate

baking stage. Slight variations in threshold lead to sub-

stantial variations in crumb feature values, with cell uni-

formity, void fraction, intensity and entropy calculation

showing more sensitivity than others. Propagation delay

and attenuation in the received acoustic signal have been

calculated for stiffness and firmness evaluation. A second

order relationship has been observed between the storage

time and stiffness of the various bread samples. The pro-

posed method is very efficient in the sense of quality

parameter calculations. Although some of the previously

reported methods showed a relatively higher amount of

busyness than other methods, the reported method per-

forms well on images with large void areas.

Keywords Bread freshness � Machine vision �
Breadcrumbs � Ultrasonic assessment technique � Stiffness �
Storage time � Non-contact

Introduction

Bread is one of the most consumed bakery items by people

all over the world, therefore, the quality and freshness of

bread are important factors for the customer as well the

baker. The quality of any bread depends on various features

such as crumb structure, crumb cell density, cell uniformity

average area of the cells, void fraction, energy, texture

quality and energy, which relates to the brightness of a

chosen sample of bread. Freshness is also an important

parameter from the consumer point of view which can be

further related to the storage time of bread samples. Bread

baking is a traditional process in which water, enzyme

activity, starch, protein properties and heat are the principal

factors that ultimately determine bread quality [1]. The

shelf life and the freshness decide the distribution distance.

Wholesale distribution of bread requires a shelf life of

5 days or more and freshness [2]. It has been reported that

the state of freshness of bread is evaluated in terms of its

taste, softness and water absorptive capacity [3]. Various
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analytical methods for determining bread freshness and

staleness are used. Some of these methods include: (I) dif-

ferential scanning calorimetry; (II) texture analysis and

(III) near infrared spectroscopy [4]. These methods can

extract different parameters such as starch, protein and

packaging from bread samples, but all are still very costly

and too complex for regular use. Bread texture is related to

its geometric and mechanical properties, which also depend

on its cellular structure. Bread tastes best when freshly

baked. As the number of days after baking increases bio-

logical and chemical changes take place in the bread, some

internally and some caused by external environmental

factors. As a result of these unpredictable changes, the

quality of the bread samples is reduced due to various

effects such as microbiological effects, various contami-

nants, etc. [5]. Smolarz, van Hecke, and Bouvier reported a

mathematical morphology-based model to define the

structural elements of extruded biscuits and to determine

various biscuit types [6]. More advanced visual techniques

including digital image analysis with various kind of

microscopy has been reported by Crowley, Graul, and

Arendt [7]. Scanlon and Zghal reported the extraction of

mechanical properties such as cell structure calculation,

crumb analysis, etc. [8]. Crumb grain, defined by size, the

distribution and the shape of cells and cell wall thickness

parameter extraction based on algorithms has been reported

by Kamman [9]. Gonzales-Barron and Butler reported a

comparison of seven thresholding techniques with the

k-means clustering algorithm for measurement of bread-

crumb features in digital image analysis [10]. Lagrain,

Boeckx, Wilderjans and Lauriks developed a non-contact

ultrasound characterization model for breadcrumb analysis

using a Biot-Allard model [11]. Aouzale, Chitnalah and

Jakjoud reported the development of acoustical parameters

based on the SPICE model for milk quality parameter

extraction. In [12] the authors discuss various quality

parameters based on the propagation delay and attenuation

of the received acoustic signal. Aboonajmi, Akram, Nish-

izu, Kondo, Setarehdan and Raja Bipour developed an

ultrasound-based technique for the determination of poul-

try egg quality parameter extraction based on various

parameters of the reflected ultrasonic acoustic signal such

as attenuation and propagation delay [13]. Valente, Laux-

and Prades published a contribution about changes in the

ultrasound characteristics of mango juice during ripening.

The authors used a 25 MHz transmitter/receiver pair for

development of an experimental setup for received ultra-

sonic acoustic signal features [14]. Gan, Pallav and

Hutchins reported an application concerning non-contact

ultrasonic quality measurements of food products based on

various acoustical features such as propagation delay

velocity and attenuation. This paper presents the design and

development of a robust machine vision algorithm for

bread-crumb feature extraction with an ultrasound-based

system for stiffness extraction for different bread sample

brands and experiments carried out along with the results

obtained [15]. Furferi, Governi and Volpe [16] presented

an artificial neural network method for predicting olive

ripening based on the extracted RGB color index.

Materials and methods

Bread quality can be divided into two broad categories

according to consumer preferences all over the world.

Stiffness of the various bread samples indicates the fresh-

ness of the corresponding bread samples while breadcrumb

features depict the quality of the bread samples at the time

of baking.

Sample preparation and vision sensing database

generation

The bread used for the various experiments covered a

variety of brands such as Amul, Mercury and Britannia

obtained from local markets. Twenty bread loves were

sliced transversely using a mechanical slicer to obtain

20-mm thick slices. Ten central slices of each loaf were

then subjected to the data acquisition and image generation

processes for vision and ultrasonic assessment.

A 10 megapixel USB-based camera has been used with

a monochromatic light source for image acquisition. An

image-based dataset of a total of 15 images has been pre-

pared for breadcrumb analysis. NT scanning software

allowed the brightness and contrast to be adjusted to -1

and 40 for each color plane (RGB), respectively. Bread

samples were preserved under four different environmental

conditions: (a) controlled; (b) frozen; (c) open and

(d) packaged (Fig. 1). The centre of each image (slice) was

cropped to 500 9 500 pixels (representing 40 9 40 mm2

of the slice area) and converted into 8 bit gray level images

(Fig. 2).

Experimental setup and data collection

The experimental setup (Fig. 3) used for breadcrumb and

stiffness feature extraction was composed of two major

sections, namely a vision sensing setup and an ultrasonic

sensing setup, together with an ARM-11 processor-based

processing and control unit. The vision sampling chamber

comprises a cylindrical chamber with a 10.0 megapixel

USB-based camera mounted on a stepper motor. The

stepper motor can change the angle from -180� to ?180�
according to the control and processing unit for image

acquisition from various angles. The processing and

control unit communicates with the stepper motor and

526 S. Srivastava et al.

123



USB-based camera using a serial port and USB protocol,

respectively. The vision sensing chamber also has a

monochromatic light source to provide light at the time of

image acquisition. The light intensity can also be con-

trolled using cylindrical slits according to the contrast

variation using the processing and control unit. The ARM-

11-based processor is interfaced with the signal condi-

tioning circuitry, a touch screen, and a Zigbee module for

wireless data transfer. A qtopia 2.2-based graphical user

interface was also developed to control the various opera-

tions such as image acquisition, data storage and wireless

data transfer. The ultrasonic sampling chamber is com-

posed of a black color aluminum chamber with an acoustic

sensing module (ultrasonic transmitter and receiver couple)

having 40 kHz as a center frequency with 2.0 kHz

bandwidth, plus the required data acquisition circuits for

peak detection in the received acoustic signals.

The ultrasonic and vision sensing datasets have been

collected using the developed ultrasonic vision sensing

(UVS) experimental setup. Three major acoustic signals

represent the region of interest for various kinds of stiffness

and firmness analysis of the various bread brand samples:

transmitted, received and converted acoustic signals. The

transmitted and received acoustic signals have been mod-

eled using standard linear chirp signals:

X tð Þ ¼ sin ;0 þ 2pðf0t þ 0:5kt2Þ
� �

ð1Þ

;0, f0, k and t correspond to the initial phase difference,

initial fundamental frequency, chirp rate and time,

respectively:

Fig. 1 Bread samples preserved under different environmental conditions a controlled (T = 40 �C and RH = 80 %); b frozen (T = 8 �C and

RH = 60–65 %); c open (T = 27 �C and RH = 45–55 %); d packaged

Fig. 2 Typical breadcrumb RGB images of Amul, Mercury and Britannia brand samples. Grey level converted images of 40 9 40 mm field of

view
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k ¼ f1 � f0ð Þ=t1 ð2Þ

The transmitted acoustic signal incides on the bread

sample and reflects back to the ultrasonic receiver after

some energy loss due to absorbance by the bread sample.

The received acoustic signal is subjected to measurement

of two physical parameters, namely attenuation and

propagation delay, which correspond to stiffness and

firmness feature extraction. Monitoring parameters (Fig. 4)

for stiffness and firmness analysis of the various bread

samples are as follows:

Tpd ¼ Tstart � Tstop

Attenuation ¼ Atransmitted � Arecieved

Attenuation d:b:ð Þ ¼ 20 logAttenuation ð3Þ

Algorithm development and data analysis

A robust machine vision algorithm has been developed for

breadcrumb feature analysis. A sharpening filter has been

implemented for sharpening the breadcrumb images to

extract the appropriate features. Six segmentation tech-

niques have been implemented for segmentation and

compared with the proposed manual threshold method.

Various segmentation techniques have been implemented

such as the manual, Ostu’s, isodata, moment preserving,

minimum error and fuzzy c mean thresholding techniques.

Segmented images have been processed to obtain the var-

ious crumb physical parameters such as number of cells,

crumb cell density, cell area, etc. Breadcrumb features

have been analyzed for bread samples preserved under

Fig. 3 a Beam angle variation

(narrow beam width and wide

beam width); b transmission

pressure level with frequency

variation; c developed ultra-

vision system for food quality

inspection

Fig. 4 Collected acoustic dataset for stiffness and firmness analysis
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different environmental conditions such as packed, frozen

and controlled and open (Fig. 1). Various color models

such as RGB, HSI and YCbCr have been implemented for

the extraction of the brightness, texture properties, etc.

Various pattern recognition techniques also have been

implemented for classification of the various classes of

bread samples such as rotten, fresh and frozen. Data

analysis has also been implemented using the collected

dataset from the ultrasonic module of the developed sys-

tem. Attenuation and propagation delay have been calcu-

lated for stiffness and firmness extraction, which relates

with the storage time of the various brands of bread

samples.

Crumb sharpening for feature extraction

It has been observed that sharpening the breadcrumb

images provides more accurate results compared to input

images without sharpening. The technique basically used to

enhance the breadcrumb structure features is given by:

g m; nð Þ ¼
XL

l¼�L

XL

k¼�L

h k; lð Þ � sðm� k; n� lÞ ð4Þ

where g(m, n), h(k, l) and s(m - k, n - l) correspond to the

sharpened image, kernel of the sharpening filter and input

image, respectively. The kernel of the sharpening filter can

be expressed as follows:

h 3; 3ð Þ ¼
0 �1 0

�1 5 �1

0 �1 0

������

������
ð5Þ

Implemented thresholding techniques for segmentation

Six standard thresholding techniques (Fig. 5) for segmen-

tation purposes have been implemented and compared. The

exact calculated value of the threshold has a considerable

effect on the boundary position and therefore on the overall

size of the extracted objects. Ostu’s method [17] has been

used to automatically perform clustering-based image

thresholding, or there duction of a gray level image to a

binary image. This technique assumes that the image

contains two classes of pixels following a bimodal his-

togram (foreground and background pixels). The system

then calculates the optimum threshold separating the two

classes, so that their combined spread (intra-class variance)

is minimal. In this method, algorithm exhaustively extracts

the threshold that minimizes the intra-class variance

(within the class), which can be defined as a weighted sum

of variances of two classes, such as:

r2x tð Þ ¼ q1 tð Þr21 tð Þ þ q2 tð Þr22 tð Þ ð6Þ

where qi tð Þ represents the probability of the two classes

separated by a threshold t and ri
2 variance of these classes:

q1 tð Þ ¼
Xn

i¼1

PðiÞ

q2 tð Þ ¼
XI

i¼nþ1

PðiÞ ð7Þ

Ostu showed that minimizing the intra-class variance is

the same as maximizing the inter-class variance:

r2b tð Þ ¼ r2 � r2x tð Þ ð8Þ

r2b tð Þ ¼ x1ðtÞx2ðtÞ l1 tð Þ � l2 tð Þ½ �2 ð9Þ

xi, li correspond to the class probabilities and means,

respectively. Class probabilities xi have been computed

from the extracted histogram as t while class means li is:

l1 tð Þ ¼
Xn

i¼1

iP ið Þ
q1 tð Þ

l2 tð Þ ¼
XI

i¼nþ1

iPðiÞ
q2 tð Þ ð10Þ

In the minimum error thresholding algorithm developed

by Kittler and Illingworth, the gray level histogram is

viewed as an estimate of the probability density function of

the mixture population comprising of the grey levels of the

objects and background (j = 1, 2, 3). Each element of the

GL image is normally distributed with mean m (j) and

standard deviation rðjÞ and probability of p(j). These

parameters are not usually known and a creation function

J(t) is used instead:

J tð Þ ¼ 1 þ 2 � P1 tð Þ ln r1 tð Þ þ P2 tð Þ ln r2 tð Þ½ �
� 2 P1 tð Þ lnP1 tð Þ þ P2 tð Þ lnP2 tð Þ½ � ð11Þ

where

P1 tð Þ ¼
XI

i¼1

PðiÞ

P1 tð Þ ¼
XL�1

i¼Iþ1

PðiÞ ¼ 1� P1ðtÞ

m1 tð Þ ¼ 1

P1 tð Þ
XI

i¼0

i � PðiÞ

m2 tð Þ ¼ 1

P2 tð Þ
XL�1

i¼Iþ1

i � PðiÞ

r1 tð Þ ¼ 1

P1 tð Þ
XI

i¼0

½1� m1 tð Þ�2 � PðiÞ
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r2 tð Þ ¼ 1

P2 tð Þ
XL�1

i¼Iþ1

½1� m2 tð Þ�2 � PðiÞ ð12Þ

The optimal threshold t* is obtained by:

J t�ð Þ ¼ min JðtÞ

Fuzzy set theory has been used to partition an image

space by minimizing the measure of fuzziness of the

image. This measurement can be expressed as entropy,

which is an index of fuzziness and non-fuzziness. In fuzzy

set notation, the image set I = f(x, y) of size M 9 N can be

expressed as:

I ¼ f x; yð Þ; l1 f x; yð Þð Þð Þf g ð13Þ

The membership function levels lI(f(x, y)) can be

viewed as a characteristic equation that can extract the

fuzziness of a(x, y) pixel in given image I:

1

1þ jf x; yð Þ � l0ðtÞj=c
if f x; yð Þ � t ð14Þ

l1 f x; yð Þð Þ ¼ 1

1þ jf x; yð Þ � l1ðtÞj=c
if f x; yð Þ [ t ð15Þ

Average grey levels l0(t) and l1(t) can be regarded as

target values of the background and the object for a given

threshold value t; and C is a constant value such that

0.5 B l1(f(x, y)) B 1:

l0 tð Þ ¼

PI

i¼0

ihðiÞ

PI

I¼0

hðiÞ

l1 tð Þ ¼

PL�1

i¼tþ1

ihðiÞ

PIL�1

i¼Iþ1

hðiÞ
ð16Þ

The measure of fuzziness that was used in this work was

the entropy E(I) obtained by using Shannon’s function

S(l(xi)). The optimal threshold can be extracted by mini-

mizing the measure of fuzziness E(X).

Morphological analysis has been implemented to extract

the segmentation of bread samples as input images. This

approach is especially designed to extract breadcrumb

features perfectly. The processing starts with a gray-level

thinning, followed by a gray-level opening, so that region

segmentation is obtained. A morphological erosion opera-

tion has been used for extracting the breadcrumbs from

binary images of the various bread samples. In order to

perform erosion, a 3 9 3 structuring element has been

used over the binary segmented image. Boundary extrac-

tion also has been performed for area extraction of various

cells existing in breadcrumbs as well as also some uneven

cells which influence bread quality:

Fig. 5 Binary images of a

randomly selected bread sample

digital image using: a Ostu’s

thresholding (thresh = 0.5614);

b isodata thresholding

(thresh = 0.8134); c fuzzy-

based thresholding

(thresh = 0.47843); d moment

preserving thresholding method

(thresh = 0.5342); e minimum

error thresholding

(thresh = 0.9961); f the
proposed manual threshold

method
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Eroded x; yð Þ ¼ max
Xn�1

i¼0

Xn�1

j¼0

I i; jð Þ � w 3x3ð Þ
 !

ð17Þ

Brightness extraction using traditional color models

Brightness of the various bread samples is one of the

important quality parameters according to consumers

around the world. The HSV color model has been imple-

mented (Table 1) for calculation of the amount of bright-

ness. The HSV color model is designed in the way that

humans perceive color in various objects. A particular

color feature such as brightness can be easily recognized by

HSV color model segmentation. Brightness can be easily

calculated by segmenting the value coordinates of hue and

saturation. Every RGB input bread sample digital image

has been converted to a HSV color model image and

segmented into value coordinates, which indicate the

brightness of the various bread sample images:

R0 ¼ R=255G0 ¼ G=255B0 ¼ B=255

Cmax ¼ max R0;G0;B0ð Þ Cmin ¼ min R0;G0;B0ð Þ

D ¼ Cmax � Cmin ð18Þ

S ¼
0 if D ¼ 0
D

Cmax

otherwise

V ¼ Cmax

Table 1 HSV color extraction of various bread samples preserved under different environmental conditions

Environmental  
parameters Input image 

Hue channel 
extraction 

Saturation channel 
extraction 

Value channel 
extraction 

Parameters 
(percentage) 

Open 
H = 30.0602  
S = 36.1855  
V = 33.7543

Packed 
H = 34.4567  
S = 37.2198  
V = 28.3836

Controlled 
H = 20.4375  
S = 44.9207  
V = 34.6417

Frozen 
H = 28.2612  
S = 44.9935  
V = 27.7435

Packed 
H = 2.9829  
S = 55.3413  
V = 41.6758
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H ¼

60� � ðG0 � B0ð Þ
D

� �
mod 6; Cmax ¼ R0

60� � ðB0 � R0ð Þ
D

� �
þ 2; Cmax ¼ G0

60� � ðR0 � G0ð Þ
D

� �
þ 4; Cmax ¼ B0

ð19Þ

It has been observed that the value channel varies in the

various bread samples preserved under different environ-

mental conditions. The value channel indicates the amount

of brightness of various bread samples, which is one of the

important quality parameter according to consumers.

Brightness of the various bread samples varies with chan-

ges in the different environmental conditions such as open,

packed, controlled, frozen and frozen.

Physical breadcrumb feature calculation

Automated robust algorithms have been developed for

breadcrumb segmentation. Traditional and proposed

thresholding have been programmed in Matlab 6.12 (The

Math Works Inc., Natick, MA, USA) and tested on bread

samples of various brands. The accuracy and efficiency of

every segmentation technique depend on the selection of

threshold within the given gray level of the digital image of

a bread sample. The objective of this algorithm is to con-

vert the input image to a gray level bread sample digital

image and extract an exact binary image from it, which can

be further processed for breadcrumb parameter extraction.

The various crumb grain features extracted from the con-

verted binary images by the various traditional and

Table 2 Physical quality parameter calculation of various breadcrumb structures

4 269 1.9854 0.695 

Min = 1.72808 

Mean = 3.81477 

Max = 5.90146 

18.7055 

5 250 1.9290 0.680 

Min = 2.29697 

Mean = 4.09455 

Max = 5.89214 

16.9898 

S.N. 
Input bread 

samples 

Segmented bread 

samples 
Texture image 

Number 

of cells 

Cell 

density 

Mean 

cell area 

Entropy 

variation 

Void 

fraction 

1 291 2.2170 0.634 

Min = 1.5589 

Mean = 3.75184 

Max = 5.94479 

8.7958 

2 232 1.7606 0.792 

Min = 2.12296 

Mean = 3.99986 

Max = 5.86777 

18.2889 

3 235 1.7911 0.797 

Min = 1.66698 

Mean = 3.76885 

Max = 5.87071 

18.7257 
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proposed thresholding algorithms are: (I) cell density

(number of cells/cm2); (II) mean cell area in mm2 (total

area of the bread cells/number of total cells);(III) cell

uniformity (uniform distribution of cells over the uniform

area of various bread cells); (IV) void fraction (the fraction

of the area corresponding to the bread pores); (V) number

of cells (total number of cells over the total area of bread

sample).

The system processing time for overall analysis of a

single crumb of bread varies approximately between 3 s to

23 s using an ARM-11 processor-based system with

64 MB RAM operating at a maximum frequency of

533 MHz. Texture parameters (Table 2) of the various

bread have been extracted using entropy calculation of the

various breadcrumbs. Entropy of an input bread sample has

been calculated using the following relation:

H x; y; zð Þ ¼
Xi¼n

i¼1

Xj¼n

j¼1

X3

k¼1

P i; j; kð Þ � log2 Pði; j; kÞ

P x; y; zð Þ ¼
Xi¼n

i¼1

Xj¼n

j¼1

X3

k¼1

nði; j; kÞ
m2

ð20Þ

Entropy is used to characterize the various texture

parameters of the input image by a statistical measure of

randomness. The area of the various cells present in

selected breadcrumbs has been calculated and finally

converted into a mean cell area using the abovementioned

definition.

Freshness analysis using stiffness and firmness analysis

Freshness analysis of the various bread samples has also

been performed using our ultrasonic stiffness and firmness

monitoring system. All collected bread samples have been

preserved in four different environments as mentioned. All

samples went through the process of data collection over

the time period. Two parameters have been analyzed for

freshness parameter extraction, namely propagation delay

between the transmitted and received ultrasonic signal and

attenuation introduced in transmitted signal due to a sig-

nificant loss that occurs in the transmitted signal energy.

Propagation delays between transmitted and received

acoustic signal have been derived from time of flight cal-

culations while attenuation has been derived from the

changes in the transmitted and received acoustic signals.

A non-contact ultrasonic system already has been

developed for tomato quality inspection [18]. The same

experimental setup has been used with some of the needed

updates for firmness and stiffness extraction (Fig. 6) for the

various bread brand samples, which was finally converted

into a degree of freshness of the bread samples. The

developed vision sensing system can discriminate between

the various classes of the bread samples such as rotten (i.e.,

Fig. 6 Acoustic responses for

various bread samples (open

environment) at the sample

distance from sensing

module = 20 cm; a day 1 to

day 2 (attenuation = 6.8 db and

propagation delay = 380 ms);

b day 3 to day 5

(attenuation = 7.4 db and

propagation delay = 430 ms);

c day 6 to day 7

(attenuation = 8.6 db and

propagation delay = 580 ms;

d Variation of attenuation with

different environmental

conditions (frozen, controlled

and open) (R2 = 0.97).

transmitted acoustic signal

(20 Vpp). received ultrasonic

signal. received ultrasonic

signal converted into a square

wave pulse form (Color figure

online)
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infected with various fungal infections) and fresh bread

samples. It has been observed that the acoustic technique is

much more effective compared to the vision sensing

technique in the case of freshness analysis. It has been

observed that the attenuation in the transmitted ultrasonic

signal decreases and the propagation delay between trans-

mitted and received ultrasonic signal also decreases over

the time period of the analysis. A second order non-linear

relationship has been observed between attenuation and

freshness of the various bread samples.

Various vision sensing algorithms were also developed

for discrimination between various classes of the bread

samples such as fresh, less fresh and rotten. An RGB model

and various pattern recognition algorithms such as PCA,

LDA, QDA and KNN (Fig. 7) have been implemented for

discrimination between various classes of bread samples. It

has been observed that the disease that normally attacks the

various bread samples is a regular fungus. RGB model

extraction is able to extract the change in color caused by

the fungus attack. An infection index has been defined

using the extracted percentage change introduced in the

green color index when a fungus attacks the various bread

samples.

It has been observed that the developed image pro-

cessing technique is able to discriminate between two

broad bread classes such as fresh and infected. An RGB

color model has been implemented on various classes of

the bread samples and it has been observed that green color

percentage varies in a uniform manner with the variation of

stages of the bread samples such as fresh, less fresh and

rotten. Principle component analysis (PCA) is basically a

statistical procedure that uses an orthogonal transformation

to convert a set of observations of possibly correlated

variables into a set of values of linearly uncorrelated

variables called principle components. The number of

principle components is less than or equal to the number of

original variables. The transformation is defined in such a

way that the first principle component has a large possible

variance (that is, it accounts for as much of the variability

in the data as possible), and each succeeding component in

Fig. 7 Classification between

various classes of bread samples

using various pattern

recognition algorithms a fresh

bread sample; b less fresh bread

sample; c rotten bread sample;

d implemented principle

component analysis

(PC1 = 92.8 % and

PC2 = 7.2 %); e linear

discrimination analysis

(Y = X ? 10 and

4X - 5Y = 20); f quadratic
discrimination algorithm

(4(X - 10)2 ? (Y - 1)2 = 16

and Y = X2 – 2 9 sqrt(3));

g K-nearest neighbors

algorithm. fresh bread sample

(day 1–day 2). less fresh bread

sample (day 3–day 4). rotten

bread sample (day 5–day 6)

(Color figure online)
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turn has the highest variance possible under the constraint

that it is orthogonal to (i.e., uncorrelated with) the pre-

ceding components. The developed system performs PCA

on segmented bread sample images and generates different

principle components for classification:

C x; yð Þ ¼
XN

q¼1

X q; xð Þ � Xðq; yÞ

Det C x; yð Þ � kð Þ ¼ 0 ð21Þ

Generating Eigen values k1;. . .ekn; and eigenvectors

V1;. . .dVn.

V ¼ V1;. . .Vn

� �

Y ¼ XV

Different analyses were also implemented in the

developed algorithm to discriminate various patterns. LDA

helps to predict the group membership for a number of

subjects from a set of predictor variables. The creation

variable (grouping variable) is the object of classification.

The group variable also acts as a categorical variable,

which extracts different datasets collected from segmented

bread sample images. Linear discriminate analysis con-

structs one or more than on discriminate analysis Di (linear

combinations of the predictor variables Xk) such that the

different groups differ as much as possible on D:

Di ¼ b0 þ
Xp

k¼1

bk � Xk ð22Þ

More precisely, the weights of the discriminant function

are calculated in such a way that the ratio (between groups

of sample space and within groups of sample space) is as

large as possible. The first discriminant function D1 dis-

tinguishes the first group from groups 2, 3, …, N and in the

same way a second discriminant function D2 distinguishes

the first group from groups 3, …, N and the same for

others. The system calculates the optimal weights using a

training set consisting of the correct classification for a

group of datasets of the different bread samples.

After this process, the system classifies different datasets

using the previously calculated discriminant weights to

obtain their discriminant scores. Some datasets are too

much complex due to the close stages of the bread samples,

so sometimes LDA is not able to discriminate between

such kinds of data sets. Quadratic discriminant analysis has

been implemented to discriminate very complex data sets

of the bread samples. All the steps in LDA and QDA are

the same except the classifiers. In LDA a linear classifier is

used while in QDA a second order classifier is used. QDA

provides more discrimination capability to the developed

system, but at the same time it also requires more memory

as well as more processing time. LDA needs to estimate K

X P ? P X P parameters while QDA needs to estimate K X

P ? P X P X P parameters. The general structure of clas-

sifier used in QDA implementation is presented as follows:

Yqda ¼ argmink¼1;...:K

x� lkð ÞT
Xn

k¼1

x� lkð Þ � 2 log pkð Þ þ log Z

( )

Z ¼ 1

nk

Xn

k¼1

x� lkð Þ � x� lkð ÞT ð23Þ

It has been observed that the implemented pattern

recognition techniques such as PCA, LDA, QDA and KNN

are also able to discriminate between the various classes of

the bread samples such as fresh, less fresh and rotten.

Defects detection using extra-large pore segmentation

Pore distribution is one of the more important quality

parameters, which is indicative of the fermentation process.

Pores are the air packets found in various kinds of bread

samples, where carbon dioxide from the fermentation

process creates a network of primarily interconnected void

structures. Pore size varies between varieties of bread.

Sourdough bread is a variety with larger pores while rye

bread has smaller and denser crumbs, so basically the pore

structure distribution is a result of the fermentation pro-

cesses of the various bread samples. According to the

various bread manufacturing industries, there is a threshold

area for various pores. Some of the bread samples consist

of larger pores due to errors introduced at the time of bread

manufacturing and those samples get mixed with the other

bread samples. Bread samples consisting of pores having a

larger area have a fast fermentation process due to easy

formation of carbon dioxide, so there is an essential need to

Fig. 8 Local entropy image conversion from a gray-level converted

input bread sample image
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segment such pores having larger area and also classify

normal bread samples and defective bread samples.

Bread samples with defects like larger pores have been

segmented using an algorithm specially designed for pore

segmentation. The developed algorithm consists of various

image processing operations such as gray level conversion,

binary image conversion with appropriate threshold, etc.

Input images are first converted into gray level images in

order to calculate the entropy in different local areas of the

converted gray level images of randomly selected bread

samples. The entropy extraction process is basically com-

posed of various steps such as first it returns the array J,

where each output pixel contains the entropy value of the

9-by-9 neighborhood around the corresponding pixel in the

converted gray level image. For pixels on the border of a

gray level image, the developed algorithm uses symmetric

padding. In symmetric padding, the values of pixels to be

padded are a mirror reflection of the border pixels in the

converted gray level image. The converted entropy image

(Fig. 8) is finally converted into a binary image with

appropriate threshold calculation using the proposed

threshold method based on various morphological opera-

tions. The converted entropy binary image is further

transferred to trace uneven pore region boundaries using

hole segmentation. All regular pores having a certain cir-

cular kind of holes are segmented using the difference

between the boundaries of a regular hole and an uneven

hole. The algorithm basically traces an exterior boundary

of objects, as well as boundaries of holes inside these

objects. It also descends into the outermost objects (par-

ents) and traces their children (objects completely enclosed

by the parents). BW must be a binary image where non-

zero pixels belong to an object and 0-pixels constitute the

background. B is a P-by-1 cell array, where P is the number

Table 3 Segmented pores having extra-large area compared to regular pores

S.N. Input bread sample 
Converted binary 

image 
Segmented image consist 

of only larger pores
Area of larger 

pores 

1 
A1=671 
A2=499 
A3=235 

2 
A1=790 
A2=671 
A3=470 

3 

A1=3676 
A2=2995 
A3=3676 
A4=1606 

4 
A1=1036 
A2=581 
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of objects and holes. Each cell contains a Q-by-2 matrix,

where Q is the number of boundary pixels for the corre-

sponding region. Each row of these Q-by-2 matrices con-

tains the row and column coordinates of a boundary pixel.

The coordinates are ordered in a clockwise direction.

It can be observed from Table 3 that the developed

algorithm can detect and segment the extra-large pores

from bread sample digital images. Histogram analysis also

has been also implemented to classify bread samples

having extra-large pores due to an increased fermentation

time period. If the system can distinguish the bread sam-

ples having extra-large pores from regular bread samples

then consumers can preserve a package of bread longer

compared to a regular time period. It has been observed

that the developed novel robust algorithm can discriminate

between bread samples which have more storage time

compared to regular bread samples having extra-large

pores.

A significant change has been observed in an imple-

mentation of histogram analysis on three different bread

samples such as samples not having large pores, samples

having large pores with much less area and samples having

unavoidable large area pores. An approximate symmetry

has been observed in all three histograms, except for some

disturbances due to the existence of extra-large pores.

Histogram analysis (Fig. 9) can distinguish between sam-

ples having long storage time and samples having much

less storage time and high fermentation rate. Three typical

Fig. 9 Histogram analysis on various breadcrumb samples: a bread

sample having regular-sized pores; b bread sample having a lesser

number of large area pores; c bread sample having a high number of

large area pores; d Histogram corresponds to bread sample having

regular-sized pores; e Histogram corresponds to bread sample having

a lesser number of large area pores; f Histogram corresponds to bread

sample having a high number of large area pores

Table 4 Performance calculation of various implemented segmentation techniques based on error index calculation

S. No. Thresholding technique Number of cells (automatic) Number of cells (manual) Error index

1 Ostu’s thresholding 291 320 29

2 Isodata thresholding 312 320 08

3 Fuzzy based thresholding 303 320 17

4 Moment preserving thresholding 283 320 37

5 Minimum error thresholding 293 320 27

6 Proposed thresholding 318 320 2

Quality assessment of commercial bread samples based on breadcrumb features and freshness… 537

123



breadcrumb samples were collected having different pore

areas like regular-sized pores, less number of pores having

a larger area and more number of pores having a larger area

and processed through the histogram analysis. A similarity

has been observed in all three histograms.

Every histogram has been modeled in the form of a

downward opening parabolic curve with a single peak. The

histogram of breadcrumbs having regular area pores has no

disturbance at its peak. As the large pore area increases in

selected bread crumbs, a valley (disturbance) appears in the

peak of the histogram (Fig. 9). Histogram analysis is thus

able to discriminate between all three breadcrumb samples.

Results and discussion

An UVS system has been developed and tested on 500

commercial bread samples regarding various quality

parameters such as crumb structure, freshness, etc. A

robust vision sensing algorithm has been developed and

tested for crumb structure parameter extraction such as cell

density, area of the cells, brightness of the bread samples,

etc.

Relative comparison of thresholding techniques

based on error calculation

The freshness of the bread samples also has been extracted

with the help of an ultrasonic technique using attenuation

and propagation delay calculations. Traditional threshold-

ing with various proposed thresholding techniques has been

implemented for binary image conversion. The efficiency

of the various implemented thresholding techniques

(Table 4) has been evaluated based on the appropriate

breadcrumb feature calculations. Because threshold selec-

tion can strongly affect breadcrumb feature values even

with slight variations in the optimal threshold, the perfor-

mance of the traditional thresholding methods was evalu-

ated in comparison with an implemented proposed manual

thresholding technique.

The implemented manual thresholding method was

found reliable for quantification of cell size uniformity and

particularly for void fraction (Figs. 10, 11). The freshness

index extracted using the ultrasonic technique was cross-

verified using the color index calculation obtained using

the developed vision sensing algorithm. It has been

observed that the attenuation introduced in the acoustic

signal for bread samples preserved in an open environment

increases monotonically and decreases monotonically in a

controlled or frozen environment.

The reason for a significant decrease in an open envi-

ronment might be due to weakening of the breadcrumbs

means the stiffness of bread crumb decreases over the time

period of preservation, so most of the energy of the

transmitted ultrasonic signal gets absorbed by the bread-

crumb and the amplitude of the received ultrasonic signal

decreases while it is the reverse for the other two envi-

ronments. It has been observed that cell count of the bread

samples varies over the time period of preservation. Cell

count of the fresh bread sample varies from 290 to 310

whereas stale bread sample cell count varies from 390 to

420 (Fig. 10). So bread sample freshness can be deter-

mined on the basis of cell count variation.

It has been observed that proposed thresholding method

performs much better compared to traditional thresholding

techniques. The error index has been calculated based on

the detection of the number of cells in a given breadcrumb

structure. The error Index has been calculated as follows:

Error ¼ Number of cells automaticð Þ
� Number of cells manualð Þ ð24Þ

Fig. 10 Discrimination of various tested breadcrumb samples com-

pared to reference breadcrumbs based of cell count calculation

Fig. 11 Performance analysis calculation based on cell detection in

the breadcrumb structures (R2 = 0.94) (1) Ostu’s thresholding

(thresh = 0.5614) (2) isodata thresholding (thresh = 0.8134); (3)

fuzzy based thresholding (thresh = 0.47843); (4) moment preserving

thresholding method (thresh = 0.5342); (5) minimum error thresh-

olding (thresh = 0.9961); (6) proposed manual threshold method
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Relative fermentation rate and freshness calculation

based on the detection of cells and calculated

ultrasonic parameters

It has been observed that relative fermentation quantification

information can be extracted based on the calculated cell

count variation with the time (days). A non-linear second

order relationship (Fig. 12) has been observed between the

fermentation rate and cell count of the breadcrumb structure.

Freshness of the bread sample has also been quantified

based on the calculated attenuation and propagation delay.

It has been observed that attenuation increases mono-

tonically over the storage time period whereas propagation

delay also increases over the time period, but the rate of

change in the propagation delay is less compared to the

variation in attenuation. A second order non-linear rela-

tionship has been observed between calculated attenuation,

propagation delay and freshness of the bread sample. The

non-linear relationships between freshness and propagation

delay, attenuation are as follows:

Freshness ¼ �0:47 � attenuation2 þ 9:2

� attenuation� 38
ð25Þ

Freshness ¼ 1:9 � 10�5 � propagation delay2

þ 0:0025 � propagation delay� 2:7 ð26Þ

Conclusions

The goal of this study, design and implementation is to

investigate specific parameters related to the quality of

various commercial bread samples. An ultrasonic machine

vision sensing system has been developed and tested for

various bread samples. The developed system can be an

interesting method for the characterization of textures,

freshness, and physical parameters in various baked food

products. Detailed analysis on various bread samples

regarding freshness and different quality parameters has

been performed preserved in different environmental con-

ditions such as open, controlled and frozen. It was dis-

covered that the developed ultrasonic machine vision

system resulted in higher correctness classifications, aver-

aging 97 %, in the sense of prediction of various quality

parameters and freshness detection. Therefore, this artifi-

cial technique and developed system has potential for use

in routine inspection of bread and other bakery products It

can also be useful in food industries and disease attack

detection and prediction in various agriculture products

[19]. It has been observed that amalgamation of vision and

ultrasonic sensing techniques could be a useful tool to

extract almost all important quality parameters (Table 5) of

various bakery items.

Table 5 Comparative analysis of vision and ultrasonic sensing techniques based on their performance on extracted quality parameters

S.No. Quality parameters Vision sensing technique Ultrasonic sensing technique

1 Freshness Very less useful (predicts on the basis of texture

properties)

Very accurate prediction (based on firmness analysis using

propagation delay and attenuation in received acoustic

signal)

2 Texture Predicts almost all texture regarding parameters

(cell count, extra large pores, pore area,

smoothness etc.)

This technique only provides information regarding

firmness of the bread samples.

3 Fermentation time

(storage time

period)

Predicted on the basis of cell counts, cell density,

void fraction etc.)

Predicted on the basis on firmness but not very accurate and

reliable.

Fig. 12 Freshness variation

with attenuation and

propagation delay in an open

environment
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