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a b s t r a c t
In this paper, a storage time prediction of pork using Computational Intelligence (CI) model was reported.
We investigated a solution based on traditional pork assessment towards a low time-cost parameters
acquisition and high accurate CI models by selection of appropriate parameters. The models investigated
were built by J48, Naïve Bayes (NB), k-NN, Random Forest (RF), SVM, MLP and Fuzzy approaches. CI input
were traditional quality parameters, including pH, water holding capacity (WHC), color and lipid oxidation extracted from 250 samples of 0, 7 and 14 days of post mortem. Five parameters (pH, WHC, L⁄, a⁄ and
b⁄) were found superior results to determine the storage time and corroborate with identification in minutes. Results showed RF (94.41%), 3-NN (93.57%), Fuzzy Chi (93.23%), Fuzzy W (92.35%), MLP (88.35%),
J48 (83.64%), SVM (82.03%) and NB (78.26%) were modeled by the five parameters. One important observation is about the ease of 0-day identification, followed by 14-day and 7-day independently of CI
approach. Result of this paper offers the potential of CI for implementation in real scenarios, inclusive
for fraud detection and pork quality assessment based on a non-destructive, fast, accurate analysis of
the storage time.
Ó 2016 Elsevier B.V. All rights reserved.

1. Introduction
The parameters involving meat quality are of most importance
for the meat processing industry. Research projects are often
developed to assess improvements in measurements and quality
assessments, as well as factors that influence pork quality such
as environmental conditions, pre-slaughter management and purchasing decisions of consumers (Rosenvold and Andersen, 2003). A
perspective of pork quality evaluation is based on the muscle to
meat conversion. This process includes several enzymatic and protein denaturation processes that directly influence pH and other
quality attributes (Salmi et al., 2012). These parameters are play
a major role on quality and are related to post mortem period,
mainly because the rate of glycolysis, affecting the technological
quality of meat (Hammelman et al., 2003).
Determination of post mortem period is relevant for the industry because it allows identification of aging period and freshness
evaluation, as well as indicating the consumer preferences.
Another advantage is to identify potential fraud during the food
1
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storage period. Besides, it can indicate storage problems as temperature deviation in cold rooms, freezers, and refrigerators that can
lead to meat deterioration and shelf-life reduction.
Nowadays, consumers are more demanding for food quality, as
they are looking for clear and reliable information about product
origin, production method and food preservation (Sentandreu
and Sentandreu, 2014).
Fraud in the meat sector is constantly described and (Ballin,
2010) describes that fraud can be categorized according to the possibility of occurrence: origin of meat, meat replacement, and meat
processing. Moreover, within each of these frauds there are subcategories: post mortem period, meat cuts, animal breed, meat freshness, among others.
However, during post mortem period, some meat quality
parameters may be modified, e.g. pH, Water Holding Capacity
(WHC), color and lipid oxidation (Tarsitano et al., 2013). The Meat
freshness determines the choice of the product by the consumer
(Xiong et al., 2015). Moreover, this assessment is also measured
by quality parameters mentioned before, and depends directly on
the storage time. Nonetheless, laboratory evaluation parameters
are costly, time consuming, dependent on trained persons and subjective evaluation. In this context arise alternative methods and
non-destructive analysis of food using computational tools (Chen
et al., 2011).
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The use of Computational Intelligence (CI) for food quality classification has been widely discussed (Kodogiannis and Alshejari,
2014; Shan et al., 2015; Przybylak et al., 2015; Ravikanth et al.,
2015; Zapotoczny et al., 2016). The main advantage of CI is the
capacity of handling multiple parameters, facilitating the evaluation in an industrial environment; being faster; more accurate;
not requiring reagents that could damage the environment and
having low costs (Qiao et al., 2007).
Among the various techniques of CI for assessing the food quality, some standout, e.g. Clustering Algorithms (CA), Support Vector
Machine (SVM), k-Nearest Neighbors (k-NN), Fuzzy Rule-Based
Systems, Multilayer Perceptron Neural Network (MLP) and others
(Liu et al., 2013).
Some of these techniques have been applied to several kinds of
food quality research, mainly on prediction and classification tasks.
Often combined or not, CI techniques have been widespread for
evaluating spoilage, defects, fraud or predict the most important
quality parameters to assess the meat (Kamruzzaman et al.,
2013; Argyri et al., 2013; Liu et al., 2014; Ropodi et al., 2015).
The aim of this paper was to classify the pork storage time
through the use of CI techniques (J48, Naïve Bayes, k-NN, Random
Forest, SVM, MLP and Fuzzy approaches) and to investigate the
most appropriated method to perform the meat quality classification by traditional parameters (pH, color, WHC and TBARS). Secondly, it was observed which quality parameters were relevant
and capable to provide the identification of storage time.
This paper is organized as follow: Section 2 presents the
Materials and Methods of this work, followed by Section 3 which
presents experiments results and discussions they promote. Conclusions and closing remarks can be found in Section 4.
2. Materials and methods
2.1. Data samples and analytical measurements
The samples used in our experiments were obtained from pigs
slaughtered in Federal Inspection and transported to the Food
Analysis Laboratory (LANA) at UEL, Londrina, Brazil for further
analysis. Data samples were about two hundred and fifty (250) of
longissimus dorsi et thoracis muscle from different animals. The
samples were vacuum packed and stored at 1 °C for periods of 0,
7 and 14 days.Considering the quality parameters, the pH, color
(CIELab), WHC and lipid oxidation (TBARS) value were chosen to
describe the samples.
The pH was measured 24 h after cooling (ultimate pH) with
insertion electrodes into the meat sample using TESTO 205 pH
meter (TESTO, Hampshire, UK).
After a 30 min blooming period, the color was obtained as the
average of 3 consecutive measurements at random locations of
samples using the Colorimeter (Konica Minolta Color reader
CR10) calibrated against a standard white tile. The color was
expressed in terms of values for lightness (L⁄), redness (a⁄), and yellowness (b⁄) using the Commission Internationale de lEclairage
(CIE) color system (de lEclairage, 1978; Honikel, 1998).
The evaluation of WHC was measured by water pressure loss
technique according to described by Barbut (1996). In this analysis,
2 g of sample was weighed in a semi-analytical balance. This sample was placed between two paper filters and two acrylic plates
and then applied a weight of about 10 kg for 5 min under the sample. After the pressing time, the weight of the sample was checked
again to calculate losses.
The lipid oxidation were analyzed by the methodology indicative of thiobarbituric acid reactive substances (TBARS) described
by Pikul et al. (1989).
Statistical information of traditional parameters for the Dataset
is exhibited in Table 1. The Dataset was composed by 208 pale,

Table 1
Statistical summary of entire Dataset (storage times 0, 7 and 14) composed by 250
samples.
Parameter

Mean

St. Dev.

Min

Max

L
a⁄
b⁄
WHC
pH
TBARS

52.292
5.238
13.191
26.740
5.716
0.446

2.252
1.186
1.511
3.126
0.137
0.122

47.000
2.700
10.000
20.020
5.350
0.109

56.600
8.800
17.900
34.520
6.020
1.136

firm, and non-exudative (PFN) samples and 42 red, firm, and
non-exudative (RFN), classified based on Faucitano et al. (2010).
In this work, we employed statistical tests and information
theory-based aiming the same. Pearson’s statistical correlation
was applied to depicts linear relationships, and Spearman’s correlation was computed to discovering monotonic relationships, both
between storage time and each parameter. Considering information’s theory approaches we computed: Information Gain (IG), Gain
Ratio (GR) and Symmetrical Uncertainty (SU), all based on Shannon
Entropy (H) are showed in Table 2, where P is the parameter, A is
the storage time and p the probability of P showing up in a specific
2

storage time. Chi was applied to test the independence between
the storage time and quality parameters. Correlation Feature Selection (CFS) was used to obtain the best subset based on individual
attributes using the symmetrical uncertainty based on subset
merit (Yu and Liu, 2004). Subset merit, Merit s , is calculated as in
Table 2, where s is the subset composed by k features, rcf is correlation between feature and class based on entropy, and r ff is the
inter-correlation between features.
2.2. Pork quality parameters
2.2.1. pH
The evaluation of pH value in fresh meat is one of the most
important parameters to measure the meat quality and in many
situations influence on other parameters such as WHC, color and
shelf life. The rate of pH decline will dictate the final quality features during the post mortem period, and may modify the storage
time meat (Liao et al., 2012).
Holmer et al. (2009) reported regression equations to predict
the shelf life of pork in a certain pH range for 28 days. In this study,
researchers assert that the pH might interfere with the shelf life
after post mortem time and that regression equations could predict
that higher pH with longer days of storage of meat had shorter
shelf life.
2.2.2. CIELab color system
Color is an important attribute that relates to the first consumer
perceptions about the meat quality at the time of purchase of the
product (Chmiel et al., 2011).The color of the meat comes from
main factors, myoglobin, hemoglobin and cytochrome C (Mancini
and Hunt, 2005). In general, the color is measured objectively using
a colorimeter device and the most common evaluation system is

Table 2
Entropy-based metrics and Merit for parameters evaluation.
Metric
Entropy
Information Gain
Gain Ratio

Equation
P
HðPÞ ¼  x¼P pðxÞ log pðxÞ
IGðP; AÞ ¼ HðAÞ þ HðPÞ  HðAjPÞ
GRðP; AÞ ¼ HðAÞþHðPÞHðAjPÞ
HðPÞ

Symmetrical Uncertainty

SUðP; AÞ ¼ HðAÞþHðPÞHðAjPÞ
HðPÞþHðAÞ

Merit

cf
ﬃ
Merit s ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

kðr Þ

kþkðk1Þðr ff Þ
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the CIELab system recommended by International Commission on
Illumination (CIE) (CIE 1976). It is widely used because it is reliable
and evaluates the brightness (L) in the range of gray tones, ranging
from dark to light. The coordinate a⁄ ranging from red to green and
the coordinate b⁄ varies from yellow to blue (Rodriguez-Pulido
et al., 2013).
2.2.3. Water holding capacity
Water is the main constituent of the food and it is of extreme
importance to the muscle fibers of the meat, assisting in lubrication and transport of metabolites within the fibers (Puolanne and
Halonen, 2010).
In general, the muscle tissue contains approximately 75% water
and the other components are proteins, lipids, minerals and vitamins. Most of this water present in muscle (85%) is present in
the intracellular and the rest extracellular medium. The intracellular water can be linked to proteins muscle, immobilized or free
(Pearce et al., 2011).
The mobility of such water within the muscle can influence
some quality parameters such as tenderness, juiciness, and appearance of meat. It is also indicative of cell membrane integrity and
early protein denaturation.Thus, knowledge about the muscle
WHC is necessary, mainly aspects related to the conservation, lleting, cooking, and processing of meat (Prevolnik et al., 2010;
Tejerina et al., 2012).
2.2.4. Thiobarbituric acid reactive substances
The lipid oxidation is one of the leading causes of loss of freshness and meat deterioration. The assessment of 2-thiobarbituric
acid reactive substances (TBARS) is an important oxidative parameter that may reflect the oxidation degree of lipids (Xiong et al.,
2015). It measures the amount of malondialdehyde; a product of
degradation of peroxides formed during the oxidation of polyunsaturated fatty acids.
2.3. Classification approaches
A classification problem consists of taking an input vector with
data and deciding which of N classes they belong to. It follows a
supervised learning process based on training from exemplars of
each class (Marsland, 2009). The most important learning feature
is the generalization: the algorithm should produce sensible output
for inputs that were not encountered during learning.
A classification task is discrete, each example belongs to one
class, and the set of classes covers the whole possible output space.
These constraints are not necessary realistic, sometimes examples
might belong partially to two different classes (and fuzzy classifiers may be used to solve this problem). The methods of performing classification vary in the ways they learn about the solution,
but in essence they aim to do the same thing: find decision boundaries that can be used to separate out the different classes. The
machine learning classification algorithms used in experiments
are described below. All of them were implemented in the R environment2. The corresponding packages used to implement each
classification algorithm are summarized in Table 3.
2.3.1. J48 decision tree
Decision Trees (DT) algorithms are one of the most common
and powerful methods in ML field (Marsland, 2009). They are every
popular and easy to understand. Following a tree to get an answer
is transparent, in contrast with many ’black-box’ solutions, such as
Neural Networks. The J48 algorithm is the C4.5 Quinlan’s DT algorithm (Quinlan, 1993) optimized implementation in JAVA. This
2
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Table 3
ML classification algorithms used in experiments and corresponding R packages.
Algorithm

Id

R package

Decision Tree
Naïve Bayes
k-Nearest Neighbors
Random Forest
Support Vector Machine
Multilayer Perceptron
Fuzzy-RBS (Chi)
Fuzzy-RBS (Ishibuchi)

J48
NB
k-NN
RF
SVM
MLP
Fuzzy-Chi
Fuzzy-W

RWeka
e1071
kknn
randomForest
e1071
RWeka
frbs
frbs

algorithm explores the concept of information gain of each attribute, separating data with orthogonal planes in the output space.
The main idea is to decompose a complex problem in simple
sub-problems, applying the same criteria recursively in subproblems until a stopping criteria is satisfied.
2.3.2. Naïve Bayes
In ML field, Naïve Bayes classifiers are a family of simple
probabilistic classifiers based on applying Bayes’ theorem with
strong (naive) independence assumptions between the features
(Mitchell, 1997). NB has been studied extensively since the 1950s,
introduced into the text retrieval community, and remains a popular baseline method for text categorization and data classification.
2.3.3. k-Nearest Neighbors
The k-Nearest Neighbor algorithm (k-NN) is the most basic
instance-based method (Mitchell, 1997). This algorithm assumes
all instances corresponds to points in the n-dimensional space.
The nearest neighbors of an instance are defined in terms of the
standard Euclidean distance, but some adaptations can be made
to deal with other distance functions. The distance-weighted kNN is a highly effective inductive method for many practical problems, because it can smooth out the impact of isolated noisy training examples. One practical issue in applying k-NN is that the
distance between instances is calculated based on all attributes
of the instance. This lies in contrast to methods such as rule and
DT learning algorithms that select only a subset of features when
forming the hypothesis (Maimon and Rokach, 2010).
2.3.4. Random forest
The Random Forest (RF) method was proposed by Breiman
(2001) combining DT classifiers in an ensemble. This classifiers is
computationally efficient only when each tree is built independently from each other. Further, the trees must be built with maximum deep, without pruning. The number of attributes in each
node and the number of tree are hyper-parameter defined by user.
This classifier is based on Bagging approach (Breiman, 1996), thus,
each new tree uses a totally different training set composed by random sampling instances.
2.3.5. Support Vector Machines
The Support Vector Machine (SVM) is a state-of-the-art classification method introduced by Vapnik (1995), belonging to the general category of kernel based methods. SVMs are widely used in ML
field due to its high accuracy, ability to deal with high-dimensional
data, and flexibility in modeling diverse sources of data (Ben-Hur
and Weston, 2010).
2.3.6. Multilayer Perceptron
The multilayer feed-forward networks are an important class of
neural networks (Haykin, 1999). Typically, the network consists of:
a set of sensory units that constitute the input layer; one of more
hidden layers of computational nodes; and an output layer of
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Looking at the Table 4 we may note that the RF algorithm was
the best one. It presented an averaged balanced accuracy value of
0.9440 and a f-score value of 0.9434, over-performing the other
algorithms. It also presented the best averaged values for all the
performance measures. The Fuzzy ruled-based-systems algorithms, k-NN, MLP, J48 and SVM presented good prediction values,
with f-score values between 0.9385 and 0.8274, but they were not
so good as RF was. Among them, Fuzzy approaches were the best,
probably due to their capacity to deal with non-linearity and
uncertainties, that select a parameter when it express a desirable
truth degree. At last, the NB was worst one. NB algorithm assumes
independence between features, and this fact may compromise the
accuracy. Nevertheless, NB obtained the lesser standard deviation
in all results, showing stability along every repetitions.
In our experiments we used the default hyper-parameters values suggested by R packages for all the classification algorithms.
However, we conducted an additional small experiment to see if
a hyper-parameter tuning step would increase or not the performance of the MLP and k-NN algorithms. Fig. 1 left-side depicts
MLP performances changing the number of units in the hidden
layer. The right-side shows k-NN performances changing the number of the nearest neighbors. In the k-NN scenario, growing the
number of neighbors decreases all of the performance measures,
and the best results were obtained with k ¼ 3 (the default value).
For MLPs, using a number of hidden units between 15 and 50 leads
to small variations in the performance measures with no significant difference, so the default value (hidden ¼ 15) is a good
approach.

computation nodes. The input signal propagates through the network in a forward direction, on a layer-by-layer basis. These neural
networks are also commonly referred as Multilayer Perceptrons
(MLPs). MLPs have been applied successfully to solve some difficult
and diverse problems using the back-propagation learning algorithm, due to the general nature of the network learning process.
The generality offered by this common process allows arrangement and connectivity of individual units within the network that
can vary dramatically (Freeman and Skapura, 1991).
2.3.7. Fuzzy rule-based systems
Fuzzy rule-based systems (FRBSs) are a well-known methods
within soft computing, based on fuzzy concepts (Riza et al.,
2015). They have become a powerful method to address various
problems such as uncertainty, imprecision, and non-linearity.
FRBSs are an extension of classical rule-based systems. Basically,
they are expressed in the form ‘‘IF A THEN B” where A and B are
fuzzy sets. In experiments, we used two FBRSs algorithms:
Fuzzy-Chi, a system based on Chi’s technique; and Fuzzy-W, a
weighted-factor fuzzy algorithm that applies Ishibuchi’s strategy
(Ishibuchi et al., 1999).
3. Results and discussion
3.1. Classification based on all parameters
We ran in our dataset all of the classification algorithms previously described in Section 2.3 and Table 3. Each technique have
performed 30 times using a 10-fold Cross Validation resampling
strategy on the same data partitions. We extracted some performance measures such as: predictive accuracy, misclassification
error, precision, recall and f-measure; all of them balanced according to the number of classes. The results, mean and standard deviation values, are summarized in Table 4.

3.2. Hits and misses
The Fig. 2 depicts all the misclassification predictions accumulated over the 30 algorithms’ executions. The x-axis represents all
the 250 examples of the dataset, each one representing a pork

Table 4
Algorithms results by cross-validation strategy sorted by accuracy.
Algorithm

Accuracy

RF
Fuzzy Chi
Fuzzy W
3-NN
MLP
J48
SVM
NB

Precision

Recall

mean

std

mean

std

mean

std

mean

std

0.9440
0.9393
0.9376
0.9256
0.9104
0.8432
0.8283
0.7938

0.0105
0.0143
0.0160
0.0131
0.0131
0.0193
0.0106
0.0057

0.9440
0.9394
0.9371
0.9257
0.9123
0.8438
0.8289
0.7937

0.0101
0.0139
0.0165
0.0125
0.0132
0.0187
0.0107
0.0055

0.9505
0.9461
0.9450
0.9340
0.9184
0.8565
0.8411
0.8116

0.0092
0.0128
0.0142
0.0112
0.0115
0.0180
0.0113
0.0070

0.9434
0.9385
0.9365
0.9250
0.9100
0.8418
0.8274
0.7941

0.0105
0.0143
0.0165
0.0132
0.0133
0.0192
0.0105
0.0055

MLP performance

k-NN performance
0.95

0.93

Measure values

0.90

Measure values

F-Score

0.87

0.90

Measure
Accuracy
Precision
Recall

0.85

F-Score

0.84
0.80
0.81
0

10

20

30

Number of hidden units

40

50

0

10

20

Number of nearest neighbors

Fig. 1. MLP and K-NN performances analysis according to their hyper-parameters values.
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FUZZY.CHI

Algorithm

FUZZY.W

Errors
30

MLP
SVM

20

RF
10
3NN
0

NB
J48
0

50

100

150

200

250

Example
Fig. 2. Accumulated misclassification predictions over 30 executions.

Type of Error
0 predicted as 7
0 predicted as 14
7 predicted as 0

7 predicted as 14
14 predicted as 0
14 predicted as 7

3NN

FUZZY.CHI

FUZZY.W

J48

MLP

NB

RF

SVM

30
20
10
0
30
20
10

Occurences

muscle sample. The y-axis represents the classification algorithms:
all of them that performed on the dataset. In the figure, the whiter
a cell, the less is the number of incorrect predictions that the classifier did for that particular sample over all the executions. Higher
error values are represented by red.
Reflecting the results on Table 4, the RF’s predictions line
showed few misclassifications. There are just around 4 problematic
samples (96, 103, 118 and 180) that presented a high accumulated
error rate. These problematic samples constitute samples of animals that does not match with quality assessment of a specific
storage time, in other words, the meat quality attributes were different from other samples, on a expected day. In order to analyze
the problematic samples errors, we calculate the accumulated normalized difference of attributes between the problematic ones and
each storage time, as Table 5 shows. We observed that samples 96
and 103 presented the minor difference with 14-day, as is possible
to see in Fig. 3, when all classification algorithms misclassified
these samples as 7-day, so these samples are similar to 14-day.
Sample 118 was predicted as 7-day, but it presents minor difference with 0-day, corroborating with classification algorithms.
Finally, Sample 180 that had the minor difference with 7-day,
but is a sample of 14-day. These problems occur in all predictors
and are illustrated in Fig. 3.
Regarding the days’ distance, highlighted in Table 5, it was
observed that had natural behavior of sample degradation.For
example, 0-day presented 3.763 of accumulated mean difference
for 7-day. This difference increases when calculated related to
14-day, obtaining 7.077 of difference. Thus, on 7-day the accumulated mean difference of normalized attributes were more balanced, 0-day and 14-day with 3.763 and 4.986, respectively. This
variability in the age of meat can be explained by several factors
related to individual characteristics of each animal or the biological
and operational processes that directly affect the transformation of
muscle in meat. The post mortem period involved various enzymatic reactions and intrinsic characteristics of the meat and may
be varied according to the animal. The consequences of apoptosis
and changes during the post mortem affecting a different set of

0
30
20
10
0
30
20
10
0
0

50

100

150

200

250 0

50

100

150

200

250

Sample id
Fig. 3. Type of errors observed during all the executions separated by classifier.

Table 5
Problematic samples comparison with different days.
Predicted as

L⁄
a⁄
b⁄
WHC
pH
TBARS
Diff 0-Day
Diff 7-Day
Diff 14-Day

Mean

Samples

0-day

7-day

14-day

96
7-day

103
7-day

118
7-day

180
14-day

51.80
4.70
13.00
25.14
5.59
0.44
–
3.763
7.077

51.50
5.15
12.50
27.42
5.79
0.41
3.763
–
4.986

54.10
5.70
13.50
28.22
5.77
0.42
7.077
4.986
–

52.40
7.20
15.60
27.79
5.75
0.36
1.0644
0.8055
0.6234

53.70
6.60
14.50
26.03
5.80
0.41
0.6923
0.5488
0.3479

51.00
4.40
12.1
29.56
5.60
0.54
0.5558
0.6266
0.7447

51.90
5.50
12.20
27.17
5.77
0.41
0.4029
0.1317
0.7447
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6.2

48

6.0

ph

L

50

52

54

56

58

muscle characteristics and parameters of quality (Herrera-Mendez
et al., 2006). These changes can still be influenced by procedures
before the transformation of muscle in meat as stress during the
pre-slaughter, microbial load and sanitary conditions of employees
and slaughterhouses.
RF predicted accurately the class 0-day (first third of samples),
but did some errors when predicting the class 7-day. This classification perspective ‘‘day-by-day” provided a comprehension about the
storage time misclassified. We investigated specific prediction
errors following the hypothesis of some samples had particular
characteristics that imply in a different time degradation. Thus,
our hypothesis supposes that predictions mistake would be similar
to 0-day as 7-day, 7-day as 0-day or 14-day and finally 14-day as 7day. To detail these predictions, in the Fig. 3 we exposed all the classification algorithms to evaluate ‘‘day-by-day” results. Given that
RF’s algorithm achieved the highest accuracy, we observe in Fig. 3
that just two predictions errors (samples 1 and 71) predicted 0day as 14-day (light green), the majority of errors with more occurrences, in a total of five, were 0-day as 7-day (samples 34, 61, 79, 83
and 84) represented by dark green bar. Endorsing our hypothesis,
the dark blue bars are high and numerous in comparison to light
blue means that 14-day predicted as 0-day were minor errors, eight
against twenty-three of 14-day predicted as 0-day. Analyzing the
7-day prediction, we observe in Fig. 3 on RF’s results a seventeen
dark purple against six light purple, in other words, the great part
of 7-day was predicted as 14 day. One final observation is about
the accumulated error rate (length of bars), 7-day shows the highest accumulated error, thus a more complex classification task.

5.8
5.6

46

5.4
5.2
0

7

14

Day
Fig. 4. Dataset distribution of pH, L⁄ and storage time.

Table 6
Ranking of parameter significance by information and statistical metrics.
Parameter

pH
L⁄
WHC
a⁄
b⁄
TBARS

Entropy

Chi

IG

GR

SU

0.30
0.16
0.15
0.13
0.09
0.00

0.45
0.16
0.15
0.18
0.28
0.00

0.34
0.15
0.14
0.14
0.13
0.00

2

0.74
0.36
0.37
0.35
0.41
0.00

Correlation
Pearson

Spearman

0.55
0.38
0.37
0.40
0.28
0.03

0.53
0.38
0.37
0.36
0.25
0.00

3.3. Classification without TBARS
Some researches, e.g. Holmer et al. (2009), identified a significant relation between pH and storage time. In order to clarify this
relation in our Dataset, we plot the Fig. 4 to show based on storage
time the distribution of pH and L⁄ color value. It is possible to
observe that the low values of pH (5:35 6 pH 6 5:77, mean of
5.58) were characteristic of 0-day, illustrated on Fig. 4 by reddish
points, independent of L⁄ value. 7-day and 14-day showed a reduction of samples with this pH characteristic with values about
5:60 6 pH 6 5:95 and 5:53 6 pH 6 6:02 respectively. Thus, observing the behavior of pH across different storage times, illustrated by
decreased reddish points, we had evidence of relation between pH
and storage time, without an apparent relation to L⁄.
As mentioned in Section 2.1, to identify the parameters significance for classification purposes, we applied some statistical tests
and information theory-based metrics. We obtained similar results
to that observed by Holmer et al. (2009) where pH is the most significant parameter, followed by L⁄, WHC, a⁄, b⁄ and finally TBARS,
as in Table 6.
It is important to observe that pH was the best results in all
2

tests (Entropy, Chi and Correlation). Except TBARS, all others
achieved intermediate results, changing positions in each test.
CFS obtained the best subset composed by L⁄, a⁄, b⁄, WHC and
pH with Merit s ¼ 0:369. TBARS was not included in the optimal
subset. Tests based on exhaustive search which every combination
of features across all possible dimensions were performed with 30
repetitions for each combination. The result corroborates with CFS
indicating the removal of TBARS from the original set of attributes.
The methodology of TBARS has the disadvantage of being
extremely labor intensive and requires more time for its implementation. Besides, it is a biochemical analysis where the malondialdehyde (which quantify this when we conducted analysis), be
a molecule which has a high instability.The assessment without
TBARS can lead to a fast storage time identification considering
the acquisition time of others parameters and respective measures as input in an accurate classification algorithm. Table 7
shows the equipment used for the evaluation of the quality
parameters (pH, color, WHC and TBARS) and their respective analysis times.
We notice that some assessments are extremely fast, e.g. seconds for pH. While the evaluation of TBARS can take hours to
obtain the result. Thus, the purpose of this work in classify storage
time fast way can be confirmed; once, the TBARS analysis showed
non-significance in obtaining the storage time.
In our experiments, the lipid oxidation was irrelevant to explain
the storage time. To evaluate this fact, we conduct alike experiments as reported in Section 3.1, however based on a dataset without TBARS. Table 8 shows the classification without TBARS and is
possible to see a similar rank presented in Table 4.
RF algorithm was the best one (accuracy value of 0.9441), again.
The remaining of algorithms were k-NN, Fuzzy approaches, MLP,
J48, SVM and NB, sorted by accuracy. Except MLP, that decrease
accuracy in 0.0269, the others algorithms obtained an average difference inferior to 5  103 when compared with TBARS featured
dataset.

Table 7
Acquisition time for parameters and respective equipments.
Parameter

Acquisition time

Equipments

References

Color (CIELab)
pH
WHC
TBARS

Minutes
Seconds
Minutes
Hours

Colorimeter
pHMeter
Semi-analytical balance, paper filters, two acrylic plates and weight of about 10 kg
Spectrophotometer, chemical reagents and laboratory equipments

de lEclairage (1978)
Tarsitano et al. (2013)
Barbut (1996)
Pikul et al. (1989)
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Table 8
Algorithms results sorted by accuracy executed without the TBARS feature.
Algorithm

RF
3-NN
Fuzzy Chi
Fuzzy W
MLP
J48
SVM
NB

Accuracy

Precision

Recall

F-Score

mean

std

mean

std

mean

std

mean

sd

0.9441
0.9357
0.9323
0.9235
0.8835
0.8364
0.8203
0.7826

0.0118
0.0136
0.0155
0.0147
0.0127
0.0207
0.0101
0.0061

0.9444
0.9374
0.9331
0.9226
0.8867
0.8384
0.8240
0.7847

0.0117
0.0132
0.0153
0.0144
0.0123
0.0200
0.0099
0.0062

0.9512
0.9434
0.9392
0.9331
0.8952
0.8505
0.8302
0.7984

0.0112
0.0113
0.0134
0.0126
0.0115
0.0220
0.0105
0.0072

0.9437
0.9356
0.9317
0.9222
0.8826
0.8355
0.8169
0.7828

0.0120
0.0140
0.0160
0.0151
0.0127
0.0204
0.0104
0.0059

4. Conclusion
In the current research eight different CI algorithms were used
to identify three post mortem storage times from pork samples.
The parameters of samples included pH, CIELab colors, WHC, and
TBARS. Based on significance evaluation, TBARS was non2

significant in statistical (Chi ¼ 0:00, Pearson’s coefficient 0.03,
Spearman’s coefficient 0) and Entropy (IG 0.00, GR 0.00, and SU
0.00). The most significative parameter was pH based on statistical
2

(Chi ¼ 0:74, Pearson’s coefficient 0.55, Spearman’s coefficient
0.53) and entropy (IG 0.30, GR 0.45 and SU 0.34) measurements.
Comparison of algorithms results showed RF as the best classifier, and its accuracy and precision were 94.40%. After RF, Fuzzy Chi
(93.93%), Fuzzy W(93.76%), k-NN with k equals 3 (92.56%), MLP
with 8-3-1 topology (91.04%), J48 (84.32%), SVM (82.83%) and NB
(79.38%). If we consider ±5% as an accuracy tolerance to compare
the classification results, this can be concluded RF, Fuzzy
approaches, k-NN and MLP presented a good performance to be
applied in real scenarios.
It is important to highlight that samples of day 0 showed the
best classification results, with few occurrences of day 0 identified
as day 7. Days 7 and 14 presented similar complexity for storage
time identification.
Therefore, the storage time of pork could be predicted with satisfactory accuracy without TBARS parameter in appropriate condition of storage as in the vacuum package. As exposed in our
experiments without TBARS, the classifiers achieve similar prediction results with the same classification ranking. We introduce in
this paper the use of CI for fast storage time identification only
by pH, CIELab and WHC, all of them feasible to local assessment
and rapidly measured by portable devices.
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