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Abstract: Minced meat substitution is one of the most common frauds which not only affects
consumer health but impacts their lifestyles and religious customs as well. A number of methods
have been proposed to overcome these frauds; however, these mostly rely on laboratory measures
and are often subject to human error. Therefore, this study proposes novel hyperspectral imaging
(400–1000 nm) based non-destructive isos-bestic myoglobin (Mb) spectral features for minced meat
classification. A total of 60 minced meat spectral cubes were pre-processed using true-color image
formulation to extract regions of interest, which were further normalized using the Savitzky–Golay
filtering technique. The proposed pipeline outperformed several state-of-the-art methods by achieving
an average accuracy of 88.88%.

Keywords: hyperspectral imaging; myoglobin (Mb) spectral features; isos-bestic points; substitution;
Bovine (beef); Ovine (mutton); Poultry (chicken); minced meat; classification.

1. Introduction

Meat color is used to identify the different kinds of minced meat. Fresh meat that is protected
from air contact (in vacuum packages, for instance) has a purple/red color which is the result of
myoglobin’s (Mb’s) presence. Mb is one of the key pigments that are responsible for the color of meat.
However, when the meat is exposed to air, Mb becomes oxy-Mb, which turns the meat a cherry red
color [1]. In minced meat, the protein pigment, i.e., Mb, is generally categorized into three stages:
dexo-myoglobin (DMb), meta-myoglobin (MMb) and oxy-myoglobin (OMb) [2]. Those states are
used to classify meat color, type and age by assessing the oxidation using the Lambert–Beer law
application [3–6].

The similarities in the Mb pigments of different species, as shown in Table 1, are used in the most
common food fraud known as "substitution." Substitution fraud not only affects the consumer’s
lifestyle but also religious practices, diet and health [7]. In 2013, the selling of horse-meat brought
a lot of attention to false labeling (substitution) issues in the meat industry [8]. Meat fraud is
usually done due for financial benefit; e.g., mutton is two times more costly than beef [9]; therefore,
selling beef in place of mutton will earn double the profit. Furthermore, meat fraud may cause
serious health issues, such as allergies [10], gastric cancer [11], type-2 diabetes [12] and death [13]
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in some extreme cases. To counter the substitution fraud, several classification techniques have
been proposed, such as chromatography, drip loss, pH testing and DNA-based analysis [14–16].
However, these techniques require laboratory measures (manual operations) and are often subject
to human errors [17–19].

Table 1. Similarity percentage among red meat and Poultry Mb [20].

Species Beef Buffalo Sheep Goat Chicken

Beef 100
Buffalo 98.0 100
Sheep 98.7 96.7 100
Goat 97.4 95.4 98.7 100

Chicken 72.5 71.2 72.5 71.5 100

In addition to the traditional methods, multiple non-destructive imaging techniques (which only
work in a visible spectrum, i.e., color, texture and marbling) have also been proposed [21–23].
These techniques deal with fresh, cold and stored meat through chemo-metric and regression based
classification models, such as partial least square regression (PLSR), linear regression (LR) and support
vector regression (SVR) [14,24,25]. However, imaging techniques (such as L*, a*, B*, chromatography
and gray level co-variance matrix (GLCM)) only work with limited color information by utilizing only
visible spectrum range. In advance to these traditional technologies, hyperspectral imaging (HSI) not
only provides information about the spatial distribution but also the spectral information by examining
a wide range of the electromagnetic spectrum.

HSI has been used in remote sensing [26–28], and the medical and food industries [29,30]. HSI is
also being used for minced and whole meat-type classification [14,17,18,31,32]. For instance, Mahmoud
Al-Sarayreh et al. [33] used HSI for adulteration detection of chunk meat types, i.e., mutton, beef and
pork. These meat types were detected and classified using a support vector machine (SVM) and a
convolutional neural network (CNN) with an accuracy of 94%. Furthermore, other meat properties,
such as color, texture, marbling and exudation, were also examined [34–36], and they classified the
pork meat as reddish pink (RFN), pale pinkish gray (PSE), pinkish firm (PFN), reddish soft (RSE)
and dark purplish red (DFD). Qiao et al. [34] also exploited all those properties to classify the pork
meat types using an artificial neural network (ANN) with an average accuracy of 78%–80%. Similarly,
in 2017, Velas et al. [31] proposed a method to classify the 35 longissimus dorsi beef muscle samples
depending upon their marbling patterns using HSI. To score the high classification rate, each muscle
was examined through the decision tree (DT) classifier with 99.00% accuracy and 0.08% classification
error. Barbon et al. [37] also used REPTree based on DT to identify and classify the chicken meat with
77.20% accuracy overall.

Minced meat classification has been examined by HSI-systems using regression-based models. For
instance, Mohammed Kamruzzaman et al. [14] presented a study-based on V-NIR region to investigate
the adulteration of horse meat in minced beef (Bovine) meat. The regression coefficients (R) were used
to achieve the best calibration model with reduced dimensional data. The optimal PLSR model was
established with coefficients of determination R2 = 0.99, 0.99, 0.98 for calibration, cross-validation
and prediction respectively. Ropodi et al. [25] proposed multispectral imaging-based detection of
minced beef (Bovine) adulteration with horse minced meat using 110 samples of mince beef (Bovine)
and horse. Adulteration identification was carried out using RF, PLSR-DA and SVM classifiers with
an overall accuracy of 95.31%. Zhang et al. [38] used HSI-system in the V-NIR region to detect the
adulteration of carrageenan in minced chicken meat by using absorbance (A) and Kubelka–Munck
(KM) spectrums. Based on PLSR classification results, absorbance spectra were found to perform best
with a Root Mean Square Error of Prediction Set (RMSEP) of 0.48 and a coefficient of determination
for prediction data (R2

p) of 0.92. Similarly, Rady et al. [39] proposed the effectiveness of hyperspectral
imaging (400 × 1000 nm) for minced meat adulteration using three adulterants textured vegetable
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protein (TVP, beef and pork). The adulteration was estimated using a PLSR model to achieve a ratio
between performance and deviation (RPD) of 0.69 for beef adulteration with pork and 0.93 for beef
adulteration with TVP.

The aforementioned studies only used classical patterns of HSI, which affects the reliability
of adulteration detection systems, as these highly depend upon the meat marbling and texture
patterns. Moreover, they requires homogeneous samples which are subjected and hard to reproduce
methods; e.g., a sample with inter-muscular fat can not be measured correctly if the system has been
trained on a different texture pattern. This study presents two novel contributions. First, as per the
author’s knowledge, for the very first time we have formulated a true-color image of HSI data to
correctly segment the meat images. Second, this study proposed a (isos-bestic) Mb-based spectral
feature classification method for minced meat to help in eradicating the substitution fraud from the
meat industry.

2. Materials and Methods

This section describes the sample preparation, data acquisition, pre-processing, image correction
and segmentation. The key steps of the methodology are listed below:

1. Meat sampling: Purchasing and mincing of Bovine/beef, Ovine/mutton and Poultry/chicken.
To ensure no adulteration in minced meat types, proper cleaning of mixer is done every time,
prior the mincing process.

2. HSI-sytem: Data acquisition using HSI system and calculation of reflectance and absorption.
3. Pre-processing: Formation of a true-color image to select the exact region of interest (ROI).
4. Spectral features: Extraction of intensity features through spectral characteristics of the isos-bestic

point of Mb pigments.
5. Classification: Classification of minced meat types using SVM.

2.1. Meat Sampling

In total, 60 samples (20 Bovine/beef, 20 Ovine/mutton and 20 Poultry/chicken) were acquired in
35 days in the months of November and December from a commercial abattoir in the of city Rahim Yar
Khan, Pakistan, within 1 hour of slaughtering. The meat chunks were sealed in a zip-locker plastic
bag and placed in an ice cooler box (0–4 deg C) to ensure the freshness of the meat. The meat was
transported to the laboratory within 1 h of sample collection. Furthermore, to ensure equal volume
and weight of each meat type, the gathered samples were minced using an electronic mincer with
two cross blades for approx 5–7 s. During the mincing process, the mixer was properly cleansed after
mincing each meat type. Finally, the minced meat was placed in the cylindrical container for data
acquisition. The samples were measured using an HSI system after approximately 15 min intervals
post-mincing. On the average, the complete data acquisition of each sample was done 2 h and 30 min
postmortem. Moreover, in order to ensure that the Mb pigments’ values remained intact in fresh meat,
it was important to perform the procedure in 2–4 h, or else the Mb pigments would have deteriorated
to form a darker brown color due to the longer exposure to oxygen [2].

2.2. Data Acquisition

A push broom/line scanner HSI system (Specim Fx 10) was used in this study. The laboratory
setup is shown in Figure 1a. This scanner was coupled with a 1.4/8 mm lens having a numerical
aperture of 1.7 and can capture the effective pixel size of 19.9 × 9.97 µm with the spectral sampling
of 2.7 nm. HSI system was also coupled with a flat moving translational stage having a size of
21 × 40 cm. The system captures the visible and near infra-red (V-NIR) range of electromagnetic
spectrum (395–1000 nm). The other components attached to HSI system were 3 halogen lamps of 75
Watt light capacity and color temperature of 3350 kelvin and a laptop supported by data capturing
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software (LUMO scanner) using a serial communication port via pleora GigE–Vision connector. Finally,
to ensure the removal of ambient noise, the whole system was kept in a dark box.

(a) V-NIR Hyperspectral Imaging System.

(b) Spatial and Spectral information of Beef Class.

Figure 1. Laboratory protocol (Specim Fx 10) used in this study for minced meat data acquisition.

To ensure equal quantity for each sample, a glass cylindrical container was used to contain 65 g
of minced meat. During data acquisition the spatial binning was set as 2 × 2. The frame rate was
set as 60 fps while the exposure time was 16 ms. The translational stage moved with the speed of
25 mm/s which captured the composition of sample using row by row operation. The stage also
had a ceramic white reference tile fixed at the start position of the translational medium and captured
100 rows for each sample. In addition, 100 rows of dark frame were also captured by using the closing
of camera’s shutter.

Image Correction

The HSI system used in this study acquired 224 spectral bands (λ) with 789 × 512 spatial pixels
due to the acquisition software (Lumo Scanner), as shown in Figure 1b. The spectral radiance cube
generated by the HSI system includes the sensor’s noise, illumination and several other atmospheric
effects (air particles, light effects, particle size, etc.), which can cause false results [40]. Therefore,
to exclude those effects, actual reflectance of the object was calculated by using the imperial line
method [41]. For reflectance calculation a dark and white reference is required to remove the
atmospheric effects. Thus, white reference W was captured by scanning a white tile and the dark
reference b was captured by obscuring the camera lens fully using an opaque black cap. All the samples
were prepared in the same way using Equation (1).

R =
Rad − b
W − b

(1)

where R is the normalized accurate reflectance cube; Rad represents spectral radicance captured by
HSI-system, with 0% reflectance for b and 99.9% for W. Furthermore, each minced meat spectrum
absorbs some portion of light, which cannot be observed through normal visualization [2,42]. Therefore,
the absorption values of minced meat were computed by using Equation (2) [14,43];
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A = log
1
R

(2)

where A and R represent absorption and accurate reflectance cube, respectively. The calculated
absorption spectrum represents the composition of chemical bonds; for instance, the 430 nm
wavelength band contains information about absorption of hemoglobin pigments, the 500–600 nm one
about respiratory pigments and 760 nm, 940 nm and 996 nm about the second overtone of O–H [32,44]
in the minced meat spectrum.

2.3. Spatail-Spectral Pre-Processing

2.3.1. Spatial Pre-Processing

Generally, an HSI cube contains a rich amount of information, which is computationally
complex. Therefore, the region of interest (ROI) needs to be extracted, and usually, in HSI systems a
random image is selected from all bands for this purpose [14,18]. The selected image needs further
image processing, for instance, image adjustment, binary thresholding or morphological operations,
to extract ROI. Furthermore, the selected random band image may contain some extra information
regarding some components of sample like muscular fat which can effect the segmentation. Therefore,
the true-color image of each sample was formed for further processing.

True-Color Image:

To compute the true-color image, each visual region of accurate reflectance cube was divided
into three sub-regions, θR, θG and θB with the segmentation wavelength ranges: R, 610–700 nm; G,
500–570 nm; and B, 450–500 nm [45]. Thus, for each segmented region, the correlation coefficient
ρ(X, Y) was computed by Equation (3).

ρ(X, Y) =
C(X, Y)

σXσY
(3)

where ρ represents the correlation coefficient of X, Y and σX ; and σY represents the standard deviation
of X and Y. The co-variance matrix C was computed by Equation (4) [46].

C(X, Y) =
1
N

N

∑
i=1

(Xi − µX)(Yi − µY) (4)

where µX and µY represent means of X and Y. The correlation coefficient returns a value in the range
of (−1, 1)—anti-correlation at −1 and high correlation at 1. The sum of the three highest average
correlations, within the segmented regions, were coupled to produce a true-color image, as shown in
Figure 2. Moreover, Figure 2a–c shows the true-color images of Bovine, Ovine and Poultry minced
meat, which were reduced to the size of 159 × 165 for better visualization and understanding of the
reader and contain background of both the tray and the glass cylinder edges. Furthermore, other
methods use an illuminant to compute true-color images, such as CIE-D65 and CIE-D50 [2,17].

Finally, blob analysis technique was used to extract ROIs of each sample from true-color image,
which analyzed the minced meat through color values, surrounding regions and brightness level.
The detail color information of true-color image produced very precise and accurate ROIs as shown in
Figure 2. The size of extracted ROI for each sample was 60 × 50 × 224 and is shown in Figure 2d–f.
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(a) Bovine true-color image (b) Ovine true-color image (c) Poultry true-color image

(d) Bovine true-color image ROI (e) Ovine true-color image ROI (f) Poultry true-color image ROI

Figure 2. True-color images generated using correlation coefficient method and the generated ROIs.
(a) Bovine minced meat; (b) Ovine minced meat; (c) Poultry minced meat; (d) Bovine ROI representation;
(e) Ovine ROI representation; (f) Poultry ROI representation.

2.3.2. Spectral Pre-Processing

The segmented regions needs to be pre-processed due to highly sensitive natural properties
of light which generate random noises (size, shape and distribution of particles [47]) in the minced
meat spectrum. Therefore, to eliminate these noises, Savitzky–Golay Filtering [48] is applied to
the segmented region as a spectral pre-processing method. Golay filtering works by applying
polynomial fitting to the input spectrum and preserve the spectral features rather than eliminating
noise; i.e., low filtering can result in spectral noises and too much filtering can flatten the spectral
response, which can alter the effects of classification. The effect of spectral smoothing can be seen in
Figure 3.

Figure 3. Comparison between pre-processed spectrum (Smoothing spectrum) and computed spectrum
(normal spectrum) of Bovine minced meat.

2.4. Spectral Features

After noise removal, the feature extraction process is carried out based on the Mb pigments found
in the minced meat class. MetaMb (MMb), DexoMb (DMb) and OxyMb (OMb) represent protein
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pigments which have a spectral intersection at wavelength of 525 nm [2]. This intersection point is
known as the isos-bestic point of Mb pigment. This isos-bestic point in Mb pigments can be utilized
to extract the spectral features for minced meat classification. The mathematical representation of
isos-bestic feature extraction is found in Equation (5):

Fi =
Aλ

A49
(5)

where λ represents wavelength bands which are 224 in this study, the 49 band represents the
wavelength of 525 nm, A represents the absorption and Fi is the proposed feature extracted at
wavelength λ. The sample spectral features for Bovine, Ovine and Poultry are shown in Figure 4.
These spectral features are further utilized for model training.

430 450 470 490 510 530 550 570 590 610 630

Wavelength Range

0
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1

1.2

1.4

1.6

1.8

2.0

A
b
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rp

ti
o
n

Beef

Mutton

Chicken

Figure 4. A single point Mb-based spectral features spectrum for each meat class. Soret absorption
band (430-450 nm), meta-Mb (500–515 nm), dexa-Mb (545–560 nm), oxa-Mb (580–610 nm).

2.5. Classification

To classify the minced meat into Bovine, Ovine and Poultry, total samples were divided into
training and test data with a ratio of 70% to 30%. In this study, non-linear SVM [49] has been used to
classify the minced meat types.

SVM is a linear model; however, it has been widely used to classify both linear and non-linear
problems [25]. The main idea of SVM is that it creates a hyperplane to divide the dataset into classes. For
linearly separable data, it finds the maximal margin hyperplane between the classes. For non-linearly
separable data, it maps the feature data into a high-dimensional space to find the optimal separating
hyperplane [50]. In a nutshell, n training samples can be represented as (xi, yi) with i = 1, 2, 3, . . . , n,
where x ε Rk is k dimensional vector and yi ε (1,−1) are the class labels. Furthermore, SVM uses a
set of functions to take the input data and transform it into required form, known as kernels. Thus,
the kernel function needs to be selected very carefully while training a SVM classifier.

In this study, radial basis function (RBF) kernel function is used for SVM. The values of the two
main parameters of RBF are set as gamma = 0.8 and C= 1.0. The trained model was further validated
through blind classification of the test data.

3. Results and Discussion

3.1. Spectral Features Analysis

The spectral information of samples, captured from HSI system, was distributed among 224
wavelength bands for this study. Figure 5 shows the 24 spectral bands of acquired samples, spanning
over the 395–1000 nm range with the difference of 10 bands in each image. Figure 5a shows Ovine,
Figure 5b shows Bovine and Figure 5c shows Poultry minced meat along with wavelength band
number mentioned on all images.
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However, the wavelength ranging from 400 to 430 nm has very low spectral intensities due to the
limitation of halogen lamps; i.e., these lamps formed a very low-intensity response in the blue region,
as shown in Figure 5d. Therefore, these bands needed to be removed before the classification process.

(a) Ovine spectral images (b) Bovine spectral images

(c) Poultry spectral images
(d) Spectrum distribution of Halogen Lamp

Figure 5. The entire electromagnetic spectrum of minced meat type. (a) Ovine spectral images;
(b) Bovine spectral images; (c) Poultry spectral images; (d) spectrum distribution of halogen lamp.

True-color image contains the information about samples similar to what is collected by the
human visual system. The correlation coefficient is used widely to compute the true-color images for
remote sensing data [45]. For this study the segmented regions (such as θR (Red), θG (green) and θB
(blue)) have been examined for each band. The reflectance values are used to compute the correlation
values. The highest value represents the most important wavelength in the segmented region; e.g.,
for Bovine minced meat, 492, 569 and 688 nm bands were selected based on the correlation values,
as shown in Table 2.

Figure 6a shows the Mb spectral patterns of each minced meat which contains the Mb pigments at
the range of 470–630 nm and oxidation levels at 760–1000 nm. The acquired spectrum contains random
noises which affect the classification results; thus, Figure 6b–f shows the Golay filtering results for
noise removal. It can be clearly seen that degree of polynomial and window size (n) must be selected
appropriately to acquire the noise-free Mb pigments. Window size 7 and 9 smooths the spectral features
like dexa-Mb and oxa-Mb, as shown in Figures 6d,e; however, the ambient noises are still visible in
the range of 430–510 nm which contains the critical information of meta-Mb and soret absorption.
Thus, these ambient noises are removed with the window size 11 for golay filtering. Figure 6f shows
noise-free spectra and preserves the most important information regarding Mb pigments.
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Table 2. The correlation values for true-color images. The underlined boldface values show the selected
wavelengths (ñm) used to formulate true-color images

.

Band # θB Band # θG Band # θR
Bovine Ovine Poultry Bovine Ovine Poultry Bovine Ovine Poultry

450 nm 0.690 0.9710 0.969 505 nm 0.933 0.959 0.959 607 nm 0.969 0.943 0.942
452 nm 0.700 0.969 0.967 508 nm 0.918 0.960 0.958 609 nm 0.996 0.942 0.941
455 nm 0.723 0.968 0.966 510 nm 0.916 0.962 0.960 612 nm 0.997 0.942 0.942
458 nm 0.757 0.967 0.966 513 nm 0.931 0.962 0.961 615 nm 0.997 0.943 0.942
460 nm 0.771 0.966 0.965 516 nm 0.940 0.959 0.957 617 nm 0.997 0.942 0.942
463 nm 0.790 0.967 0.966 518 nm 0.930 0.958 0.959 620 nm 0.998 0.942 0.941
465 nm 0.835 0.968 0.966 521 nm 0.927 0.960 0.958 623 nm 0.998 0.943 0.941
468 nm 0.858 0.969 0.965 524 nm 0.937 0.959 0.957 626 nm 0.997 0.944 0.942
471 nm 0.861 0.965 0.968 526 nm 0.942 0.957 0.955 628 nm 0.998 0.944 0.943
473 nm 0.885 0.966 0.964 529 nm 0.933 0.955 0.953 631 nm 0.998 0.944 0.943
476 nm 0.904 0.965 0.964 532 nm 0.928 0.955 0.953 634 nm 0.998 0.942 0.943
479 nm 0.907 0.964 0.962 534 nm 0.937 0.956 0.953 636 nm 0.998 0.942 0.942
481 nm 0.917 0.964 0.962 537 nm 0.939 0.953 0.951 639 nm 0.998 0.942 0.942
484 nm 0.925 0.963 0.961 540 nm 0.931 0.953 0.951 642 nm 0.998 0.945 0.944
487 nm 0.929 0.962 0.960 542 nm 0.927 0.953 0.951 644 nm 0.998 0.945 0.945
489 nm 0.925 0.962 0.961 545 nm 0.932 0.952 0.950 647 nm 0.998 0.945 0.945
492 nm 0.933 0.961 0.959 548 nm 0.934 0.950 0.948 650 nm 0.998 0.943 0.943
495 nm 0.929 0.958 0.957 550 nm 0.931 0.950 0.949 652 nm 0.998 0.942 0.942
497 nm 0.923 0.96 0.958 553 nm 0.935 0.952 0.950 655 nm 0.998 0.944 0.943
500 nm 0.931 0.962 0.960 556 nm 0.946 0.951 0.949 658 nm 0.998 0.945 0.944

558 nm 0.952 0.950 0.948 661 nm 0.998 0.948 0.947
561 nm 0.947 0.949 0.947 663 nm 0.998 0.949 0.948
564 nm 0.945 0.951 0.949 666 nm 0.998 0.947 0.947
566 nm 0.952 0.952 0.950 669 nm 0.9990 0.945 0.945
569 nm 0.959 0.951 0.948 671 nm 0.9991 0.944 0.944
572 nm 0.958 0.948 0.946 674 nm 0.9990 0.944 0.944

677 nm 0.998 0.945 0.946
680 nm 0.998 0.947 0.947
682 nm 0.9990 0.948 0.948
685 nm 0.9991 0.947 0.947
688 nm 0.9992 0.946 0.946
690 nm 0.9991 0.946 0.946
693 nm 0.9991 0.945 0.946
696 nm 0.9990 0.947 0.947
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(b) n = 3
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(c) n = 5

400 500 600 700 800 900 1000

Wavelength Range

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

A
b

so
rp

ti
on

Beef
Mutton
Chicken

(d) n = 7
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(e) n = 9
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(f) n = 11
Figure 6. Savitzky–Golay spectral Pre-processing with several window sizes (n) for smooth Mb
spectrum.
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The mean spectral features extracted from Mb spectra through pre-processing and classical
absorption spectrum for each minced meat are shown in Figures 7a–c. The Mb spectral feature
difference within the intensity values from the classical absorption spectral methods can be observed
in these images. The intensity spectrum variation for Bovine and Ovine meat classes is high due to the
presence of high Mb values, whereas it is considerably lower in poultry minced meat. The combined
spectra of each class indicates a clear difference in the range of the spectrum, as shown in Figure 6f.
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Figure 7. Difference in spectrum representations of Mb-based spectral features (spectral features) and
classical absorption feature (normal Feature) of Bovine, Ovine and Poultry class minced meat.

3.2. Meat-Type Classification

For classification, non linear SVM was trained on 60 × 50 × 211 = 633, 000 features extracted from
each sample category (Bovine, Ovine and Poultry). A total of 14 ROIs giving (14× 633, 000 = 8, 862, 000)
features were randomly chosen from each minced meat class, which were further split into 70:30 ratio
as training and testing data. To compute the classification average accuracy, the following method
was adopted.

Accuracy =
T.P
T.S

(6)

where T.P and T.S represent the true predictions and the total number of samples, respectively. Table 3
shows the training accuracy of the SVM classifier by using Mb based spectral features, with the average
accuracy of 0.985.

Table 3. Confusion matrix of the training set.

Class Ovine Poultry Bovine

Ovine 0.98 0 0.02
Poultry 0 0.994 0.006
Bovine 0.023 0 0.977

Average Accuracy: 98.5

Finally, to validate the results, 11, 394, 000 features from 18 different minced meat samples were
tested containing 6 samples from each meat type and achieved an overall accuracy of 0.888, as shown
in Table 4. Figures 8–12 represent the pictorial classification results of our proposed spectral pattern,
whereas Figure 9 represents the ground truth of the each mined meat. Figure 10 shows the classification
results of Bovine minced meat, Figure 11 represents the Ovine minced meat and Figure 12 contains the
poultry minced meat classification results. Furthermore, to make the predictions between Bovine and
Ovine, a minimum of 70% for the threshold was considered to be optimal. The individual threshold
values for each minced meat class can be observed in Table 5, where Bovine= class 1, Poultry = class 2
and Ovine = class 3. Sample 5 in Bovine and sample 3 in Ovine represent misclassifications.
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Table 4. Confusion matrix of the test set.

Class Ovine Poultry Bovine

Ovine 0.768 0.002 0.23
Poultry 0.001 0.997 0.002
Bovine 0.18 0.01 0.810

Average Accuracy: 88.8

(a) Bovine minced Meat (b) Ovine minced Meat (c) Poultry minced meat

Figure 8. Color ROI representation of each minced meat type. (a) Bovine; (b) Ovine; (c) Poultry

(a) Bovine class (b) Ovine class (c) Poultry class

Figure 9. Ground truth representations for classification of minced meat types. (a) Bovine class; (b)
Ovine class; and (c) Poultry class.

(a) Acc = 0.980 (b) Acc = 0.951 (c) Acc = 0.929 (d) Acc = 0.975 (e) Acc =0.833 (f) Acc = 0.209

Figure 10. Classification results for the Bovine minced meat class. Spots in Bovine minced meat class
represent spectral misclassifications of Ovine minced meat class and Acc represents the accuracy of the
Bovine class for each sample.

(a) Acc = 0.963 (b) Acc = 0.998 (c) Acc = 0.783 (d) Acc = 0.811 (e) Acc = 0.814 (f) Acc = 0.232

Figure 11. Classification results for the Ovine minced meat class. Spots in ovine minced meat class
represent the spectral misclassifications of Bovine minced meat class and Acc represents the accuracy
of the Ovine class for each sample.

(a) Acc = 1.00 (b) Acc = 1.00 (c) Acc = 1.00 (d) Acc = 1.00 (e) Acc = 0.9996 (f) Acc = 0.991

Figure 12. Classification results for the poultry minced meat class. Spots in poultry minced meat class
represent the spectral misclassifications of Bovine and Ovine minced meat classes and Acc represents
the accuracy of the poultry class for each sample.
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Table 5. Bovine, Ovine and Poultry minced meat classification performance; class1, class2 and class3
represent Bovine, Poultry and Ovine, respectively.

Sample # Bovine Poultry Ovine
Class 1 Class 2 Class 3 Class 1 Class 2 Class 3 Class 1 Class 2 Class 3

1 0.980 0.0 0.200 0.0 0.999 0.0 0.185 0.0 0.8143
2 0.9513 0.0 0.048 0.0 0.999 0.0 0.037 0.0 0.963
3 0.833 0.0 0.166 0.0 0.999 0.0 0.7680 0.0 0.232
4 0.929 0.0 0.070 0.0 0.999 0.0 0.0013 0.0 0.998
5 0.209 0.01 0.790 0.0003 0.9996 0.0 0.216 0.0 0.783
6 0.9753 0.0 0.024 0.0 0.991 0.009 0.188 0.0 0.811

Accuracy 81.01% 99.97% 76.88%

3.3. Comparison With State-of-the-Art PCA Models

Table 6 presents the comparative results with state-of-the-art classical spectral pre-processing
methods on minced meat test data. To ensure correct comparison, the hyper-parameters were optimized
according to the proposed studies in the literature [25,32,51]. The classical pre-processing methods
evaluate the response of test data through PCA, which in this study gave the overall accuracy of 82.01%.
However, by utilizing the pipeline proposed by Ropodi et al. [25] the accuracy achieved was 94.00%.
This proposed pipeline consists of two stages; at stage 1 the accuracy was 82.01%, whereas it increased
to 94.00% in stage 2 due the correct classification of misclassified samples by increasing the train set
using correctly classified samples. Moreover, the proposed pre-processing and Mb spectral features
for the minced meat classification method outperformed several classical methods by achieving the
overall accuracy of 88.88%.

Table 6. Comparative results with the state-of-the-art methods using same test data.

Feature Classifier Optimization Accuracy

Reflectance Spectrum + PCA [32] SMO rbf ; Tolerance=0.001; C=1.0 82.01%
Reflectance Spectrum + PCA [25] 2-Step SVM rbf ; Tolerance=0.001; C=1.0 94.00%
Reflectance + PCA + GLGCM [51] SVM rbf ;Tolerance=0.001; C=1.0 72.22%

Proposed Methodology

Spectral Features SVM rbf ; Tolerance=0.001; C=1.0 88.88%

4. Conclusions

This study formulates true-color images to extract accurate ROIs similar those from human
perception. This study also proposed a novel isos-bestic based Mb spectral features extraction for
minced meat (Bovine, Ovine and Poultry) using an HSI-system. The extracted features describe the
formation of proteins pigments, i.e., the chemical composition of meat respiratory pigments. These
extracted features are later fed to a nonlinear SVM classifier for the classification of minced meat.
The experimental results reveal that the proposed pipeline significantly improves the performance as
compared to the state-of-the-art methods. The classical methods use spectral features such as reflectance
and absorption to classify the chunk meat types, whereas in this study, we used isos-bestic-based Mb
spectral features for minced meat-type classification with an average accuracy of 88.88%. The future
direction of our study is to analyze the classification accuracy based on several deep architectures,
such as AlexNet, ResNet, DesNet and GoogleNet.
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