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To precisely determine heme and non-heme iron contents in meat product, the feasibility of combining
spectral with texture features extracted from multispectral imaging data (405–970 nm) was assessed. In
our study, spectra and textures of 120 pork sausages (PSs) treated by different temperatures (30–80 �C)
were analyzed using different calibration models including partial least squares regression (PLSR) and LIB
support vector machine (Lib-SVM) for predicting heme and non-heme iron contents in PSs. Based on a
combination of spectral and textural features, optimized PLSR models were obtained with determination
coefficient (R2) of 0.912 for heme and of 0.901 for non-heme iron prediction, which demonstrated the
superiority of combining spectra with texture data. Results of satisfactory determination and visualiza-
tion of heme and non-heme iron contents indicated that multispectral imaging could serve as a feasible
approach for online industrial applications in the future.

� 2015 Elsevier Ltd. All rights reserved.
1. Introduction coronary disease, and type 2 diabetes and the happening of these
Iron is a trace element of considerable concern in public health,
and intake of iron is mainly by food-based approaches. Heme and
non-heme iron are present in food as two forms of dietary iron
(Carpenter & Clark, 1995; Carpenter & Mahoney, 1992; Turhan,
Altunkaynak, & Yazici, 2004), and the former is of higher bioavail-
ability, ranging from 15% to 35%, than the latter between 2% and
20% (Kalpalathika, Clark, & Mahoney, 1991). Meat is the main
source of heme iron in human diets, and meanwhile, meat also
makes great contribution to the non-heme iron content of human
diets (Carpenter & Mahoney, 1992). Regular intake of meat can
effectively prevent the occurrence of iron deficiency disorders
which are affecting large fractions of the population, particularly
menstruating and pregnant women (Kristensen & Purslow, 2001;
Schönfeldt & Hall, 2011). However, a high-meat and low-fiber diet,
more common in developed countries, has been associated with an
increased risk of chronic diseases such as cancers, hypertension,
diseases may be related to the heme iron intake (Genkinger,
Friberg, Goldbohm, & Wolk, 2012; Jessie, Celia, Alison, & Michael,
2009; Lajous et al., 2014; White & Collinson, 2013). Additionally,
either heme or non-heme iron can act as a catalyst to accelerate
lipid oxidation, which thus decreases the quality of meat and meat
products (Kılıç, S�ims�ek, Claus, & Atılgan, 2014; Min, Cordray, &
Ahn, 2010). In order to keep the nutritional values and quality
standards as close as possible to the preference of the target con-
sumer, the levels of heme and non-heme iron are often detected
in meat and meat products. At present, the two most widely used
methods for determination of heme and non-heme iron contents
are the Hornsey method (Carpenter & Clark, 1995; Hornsey,
1956; Turhan et al., 2004) and Ferrozine method (Ahn, Wolfe, &
Sim, 1993; Kristensen & Purslow, 2001; Li, Li, Xu, & Zhou, 2012),
which are both time-consuming, laborious, and destructive and
not suitable for analyzing large sums of samples. It would be very
difficult to monitor real-time change of heme and non-heme iron
contents during meat processing and storage. Therefore, develop-
ing a rapid and accurate method to evaluate heme and non-heme
iron contents is vital for the meat product industry.

Multispectral imaging (MSI) is an emerging technology that
integrates both spectroscopy and imaging in a single system,
enabling acquisition of spatial and spectral information simultane-
ously from an object. A three-dimensional (3D) image (hypercube)
captured by MSI system is consist of few feature-related
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single-band images and each band of them was often selected from
a large number of hyperspectral imaging researches in agri-food
(Feng & Sun, 2012; Park, Lawrence, Windham, & Smith, 2006).
The 3D data containing a large amount of information could be
used to analyze and ascertain minor and/or subtle physical and
chemical features in samples. Compared with hyperspectral imag-
ing, less processing time make MSI easer to meet the speed
requirement of industrial production lines used for online
high-throughput screening to assess meat quality, nutrition, safety,
and authenticity. In recent years, MSI technology as a rapid and
nondestructive analysis method has been wildly applied in fishes
(Dissing, Nielsen, Ersbøll, & Frosch, 2011), meats (Ma et al.,
2014a; Ropodi, Pavlidis, Mohareb, Panagou, & Nychas, 2015), fruits
(Lunadei, Galleguillos, Diezma, Lleó, & Ruiz-Garcia, 2011), vegeta-
bles (Løkke, Seefeldt, Skov, & Edelenbos, 2013), etc. However,
almost all of these studies only utilized spectral data without
incorporating information on spatial data, which has been success-
fully used to improve the accuracy of model prediction in hyper-
spectral imaging studies (He, Wu, & Sun, 2014; Pu, Sun, Ma, &
Cheng, 2015). To the best of our knowledge, the use of multispec-
tral image analysis for heme and non-heme iron contents in pork
sausages (PSs) based on combination of spectral and textural fea-
tures has never been previously explored.

The object of this research was to make a combination of spec-
tral and spatial information to improve prediction accuracy of heme
and non-heme iron contents in PSs. The specific objects of the study
were to (1) extract spectral data from region of interest (ROI) after
segmenting multispectral image of pork sausage (PS) acquired in
the range of 405–970 nm; (2) extract texture feature variables from
the first principal component image (accounted for 98.89% of the
total variance) using gray level co-occurrence matrix (GLCM); (3)
identify the important bands from the whole spectra (19 bands)
using successive projection algorithm (SPA); (4) build partial
least-squares regression (PLSR) and LIB support vector machine
(Lib-SVM) models used for predicting heme and non-heme iron
contents based on spectral and textural data; (5) visualize the dis-
tribution of heme and non-heme iron contents in PSs.
2. Materials and methods

2.1. Chemicals

Ferrozine [3-(2-pyridyl)-5,6-diphenyl-1,2,4-triazine-40,400-disul-
fonic acid sodium salt], neocuproine [2,9-dimethyl-1,10-phenan
throline] and hematin porcine were provided by Sigma–Aldrich
Co., USA. Ascorbic acid (P99.7%) and FeCl2�4H2O (P99.8%) were
purchased from Sinopharm Chemical Reagent Co., Ltd., China. All
other reagents used were of analytical grade, and double deionized
water was used throughout.

2.2. Reagents

Iron standard stock solution (100 lg Fe/mL) was prepared by
dissolving 0.356 g FeCl2�4H2O in 1 L of 0.1 M HCl solution.
Ferrozine color reagent was prepared by mixing 75 mg ferrozine
and 75 mg neucoproine in 25 mL water containing 1 mL concen-
trated HCl and then stored at 4 �C. Ascorbic acid solution and acid-
ified acetone were prepared within 24 h before use and
respectively stored at 4 �C and 25 �C.

2.3. Sample preparation

Pork (hind leg) used for this work was purchased from a local
supermarket of the Carrefour Group, and preparation were com-
menced within 30 min after purchase. After the visible fat and
connective tissue were trimmed off, the pork was ground twice
with a meat grinder (Shangyuan, SYP-MM 12, Guangdong
Province, China) fitted with a plate of 6 mm diameter holes, vac-
uum packaged and stored at �20 �C. The ground pork was thawed
overnight (about 12 h) at 4 �C before use every time and all thaw
drip was retained. 1.5% salt (NaCl, w/w) was added into the ground
pork and stirred fully to form a mixture, and then stored for 12 h at
4 �C. The final mixture was stuffed into Nylon/PE multilayer casing
(19 mm in diameter) without entrapped air and sealed for further
experiments.

In order to develop satisfactory prediction models for heme and
non-heme iron contents, the prepared pork samples (ca. 20 g for
each) were heated for 2 h in a water bath at different temperatures
(30, 40, 50, 60, 70, and 80 �C), followed immediately by cooling in
ice-water for about 30 min. These heated samples, namely PSs,
were stored overnight at 4 �C and determinations were carried
out the next day. Each PS was applied to analyze heme and
non-heme iron contents simultaneously. All experiments used for
analysis were repeated eight times, also known as eight batches.
Eighty-four (84) PSs from six independent batches (14 PSs per
batch) were used to establish the calibration models, and 36 PSs
from the rest two batches were employed for the purpose of exter-
nal validation. It should be noted that 120 PSs from six different
temperatures (20 PSs at each temperature) were analyzed in total.

2.4. Iron determination

Heme iron method. Heme iron was determined using a modi-
fied procedure originally reported by Hornsey (1956) and
Kristensen and Purslow (2001). In order to ensure that the concen-
tration of acetone and HCl was respectively 80% and 2% in the final
suspension, the moisture content of each PS should be firstly ana-
lyzed by oven drying method (Chinese National Standard
5009.3-2010, 2010). Subsequently, the acidified acetone was pre-
pared based on the moisture content of the PS. Five grams of PS
was placed in a 50 mL pol-propylene centrifuge tube and 10 mL
of acidified acetone was added. The mixture was then homoge-
nized for 15 s at 15, 000 rpm using a high-speed dispersator
(XHF-D, Ningbo Scientz Biotechnology Co., Ltd., China) with a
stainless steel dispersing element, which was rinsed twice with
acidified acetone solution before use. Afterwards, the dispersing
element was immediately rinsed 3 times with 3 mL of acidified
acetone and these suspensions were briefly mixed and stored at
4 �C in the dark for 1 h. Then, the insoluble substances were precip-
itated by high-speed centrifugation for 10 min at 10, 000 � g (4 �C)
using a CT14RD freezing centrifuge (Techcomp Co., Ltd., Shanghai)
and the clear supernatant was filtered through a glass microfiber
filter (GF/A, Whatman, Maidstone, England). The absorbance of
the filtrate at 640 nm was measured by a Spectral Scanning
Multimode Reader (Varioskan Flash, Thermo Fisher Scientific Inc.,
USA). The heme iron concentration in the PS was calculated from
the standard curve that was established by plotting the
absorbance against the several concentrations of Hematin
(0, 5, 10, 20, 40, 60, and 80 ppm) in acidified acetone solution
(80% acetone and 2% HCl). The represented equation of
y(Hematin) = 10692x(Absorbance) � 0.2074 was obtained with determi-
nation coefficient (R2) of 0.997. Finally, the heme iron content in
hematin was calculated as follow:

Heme iron ðppmÞ ¼ Hematin content ðppmÞ � AW=MW ð1Þ

where AW and MW were the atomic weight of iron and the molec-
ular weight of hematin, respectively.

Non-heme method. Non-heme iron was analyzed by the
Ferrozine method described by Kristensen and Purslow (2001)
and Ahn et al. (1993) with a slight modification. Five grams of PS
was transferred to a 50 mL poly-propylene centrifuge tube and
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15 mL citrate–phosphate buffer (0.1 M, pH 5.5) was added. The
suspension was homogenized for 15 s at 15, 000 rpm using the
XHF-D dispersator, the dispersing element of which was rinsed
twice with citrate–phosphate buffer before use. A 3 mL of homoge-
nate was mixed with 1 mL of 2% ascorbic acid in 0.2 M HCl and
incubated at room temperature (20 �C) for 20 min. Then, 2 mL of
11.3% trichloroacetic acid was added and mixed thoroughly, fol-
lowed by high-speed centrifugation for 10 min at 10,000�g
(10 �C) using the CT14RD centrifuge. Three milliliters of the clear
supernatant was transferred to a 10 mL centrifuge tube, mixed
fully with 1.2 mL of 10% ammonium acetate and 0.3 mL of fer-
rozine color reagent. The mixture was filtered through a GF/A
Whatman filter paper and the absorbance was measured at
562 nm by the Varioskan Flash Spectral Reader. The concentration
of non-heme iron was calculated by regression equation of
y(Non-heme iron) = 16.045x(Absorbance) � 0.6241 (R2 = 0.999), which
was provided by plotting the absorbance against the several con-
centrations of iron standard solutions (0, 1, 2, 3, 4, 5, and 6 ppm).

All the steps for iron determination should be carried out in
dark or under very dim light illumination.

2.5. Image acquisition and analysis

Image acquisition. Images from PSs were captured using
VideometerLab equipment (Videometer A/S, Hørsholm, Denmark),
which acquires multispectral images in 19-non-uniformly
distributed-different wavelengths ranging from 405 to 970 nm
and the detailed band values of the measured wavelengths were
405, 435, 450, 470, 505, 525, 570, 590, 630, 645, 660, 700, 780,
850, 870, 890, 910, 940, and 970 nm. A detailed description of the
instrument (shown in Fig. 1) has been reported in previous study
(Ma et al., 2014b). The system should be preheated at least 30 min
before image acquisition and subsequently calibrated using one
uniform bright, one uniform dark and one geometric disc which is
white a grid of black dots. Multispectral images of PSs were
acquired, recorded, and stored in a form of 3D ‘hypercube’
(2056 � 2056 � 19) containing both spectral (19) and spatial
(2056 � 2056) information.

Spectral extraction. Prior to extracting spectrum, the ROI was
firstly identified based on image segmentation process, which
can be easily finished due to the distinctive spectral differences
between PS and background spectrum. Based on a simple thresh-
old at value of 0.2, a segmented image of the PS has been produced.
Thus, the multispectral image of PS without the background mate-
rials, namely ROI, could be transformed to spectrum by mean
calculation.

Texture extraction. As one of the most important image fea-
tures, texture represent the spatial arrangement of the gray levels
of the pixels within the ROI (He et al., 2014). First, principal com-
ponent analysis (PCA) was applied to select the first three principal
component (PC) images (shown in Fig. 1) that captured the major-
ity of the variance, where PC1, PC2, and PC3 explained 98.89%,
0.22%, and 0.08% of variance, respectively. In this study, the first
PC score image was selected to extract texture data using Gray
level co-occurrence matrix (GLCM) analysis method that could
provide a number of second-order statistics used to describe the
gray level relationships within a neighborhood around a pixel of
interest (Kruizinga & Petkov, 1999). A total of 5 s-order statistical
textural variables were extracted, including energy, correlation,
entropy, contrast, and homogeneity. For the first PC score image,
five distances from 1 to 5 pixels and four directions (0�, 45�, 90�,
and 135�) were implemented to extract textural features and then
these textural values were averaged into one value that represent
the textural feature of the PS. The textural feature values were
obtained by calculation of five equations (Eqs. (2)–(6)).
Energy ¼
X

i;j

½MD;hði; jÞ�2 ð2Þ

Correlation ¼
P

i;jðijÞMD;hði; jÞ � uiuj

rirj
ð3Þ

Entropy ¼ �
X

i;j

MD;hði; jÞ log MD;hði; jÞ ð4Þ

Contrast ¼
X

i;j

ði� jÞ2MD;hði; jÞ ð5Þ

Homogeneity ¼
X

i;j

MD;hði; jÞ
1þ ðiþ jÞ2

ð6Þ

where (i, j) is the coordination of the pixel of interest, D is the given
distance between two pixels, h is the offset direction of the pair of
pixels over an image (0�, 45�, 90�, and 135�), MD,h is the obtained
GLCM matrix, MD,h (i, j) is the value in element {i, j} of MD,h, li

and lj are the means of MD,h (i, j) in the row and column directions,
and ri and rj are the standard deviations of MD,h (i, j) in the row and
column directions.

2.6. Data analysis

In this work, the methods of SPA, PLSR, and Lib-SVM were
applied to analyze the experiment data including whole wave-
lengths, important wavelengths, and textures features and their
main steps were shown in Fig. 1. Details of analytical methods
were introduced below.

PLSR is a classic multivariate data analysis method which
decomposes both X and Y features, extracts the latent factors,
and searches the optimal functions by minimizing the error sum
squares. It is particularly suit to analyze data with strongly colli-
near, noisy, and numerous variables in the predictor matrix X
(i.e. independent variables) and responses Y (i.e. dependent vari-
ables) (Panagou, Mohareb, Argyri, Bessant, & Nychas, 2011). The
robustness of calibration models used for this work was tested
by using split cross validation.

Lib-SVM is an optimized version based on the standard SVM
that is powerful for solving problems in nonlinear classification,
function estimation, and density estimation. For the user not famil-
iar with Machine Learning Methods, it is considered easier to use
than Neural Networks. SVM transform a complex space formed by
nonlinear mapping of multivariate input vector into a higher
dimensional linear space through the use of a kernel function. To
obtain good performances, c and g as two key kernel parameters
in Lib-SVM model should be optimized by a 5-fold inner cross val-
idation process. Lib-SVM was performed according to the method
of Chang and Lin (2011).

SPA is a novel variable algorithm designed to select subsets of
variables with minimum of collinearity by simple projection oper-
ations in a vector space (Ye, Wang, & Min, 2008). The principle of
variable selection by SPA is that candidate subsets of variables
are constructed based on the maximum projection value on the
orthogonal subspace of the previous variable. In order to further
simply the computation and accelerate the data processing, SPA
was implemented for removing a lot of redundancy or irrelevant
information that was contained in ‘hypercube’. Thus, the important
spectral bands were selected to develop new calibration models.

A total of 84 PSs with different temperature treatment (30–
80 �C) were applied to establish calibration models, and the accu-
racy and robustness of these models were evaluated by an external
validation set (36 PSs) that was obtained independently. The



Fig. 1. Flow chart of main steps in data acquisition and analysis for predicting heme and non-heme iron contents of PSs.
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predict ability of these models was evaluated in terms of R2 of
measured values versus predicted values, standard error of calibra-
tion (SEC), standard error of prediction (SEP), and the ratio of per-
formance to deviation (RPD). It is always expected to obtain a high
R2, a high RPD, and a low standard error (SE). SEC, SEP, and RPD
were defined as the following equations (Eqs. (7)–(11)):

SEC ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

IC � 1

XIC

i¼1

ðŷi � yiÞ
2

vuut ð7Þ

bias ¼ 1
IP

XIP

i¼1

ðŷi � yiÞ ð8Þ

SEP ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

IP � 1

XIP

i¼1

ðŷi � yi � biasÞ2
vuut ð9Þ

SD ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

Xn

i¼1

ðyi � �yÞ2
vuut ð10Þ

RPD ¼ SD
SEP

ð11Þ
where ŷi is predicted value in sample number i, yi is measured value
in sample number i, IC is the number of samples in the calibration
set (84), IP is the number of samples in the prediction set (36),
and �y is the measured average value in sample number n. bias
and standard deviation (SD) as two intermediate variables were
used to calculate SEP and RPD, respectively.

2.7. Visualization

Besides obtaining the quantitative relationship between spec-
tral and physicochemical attributes of PS like spectroscopic tech-
nique, MSI can visualize the distribution of the physicochemical
attributes within each PS according to its imaging ability.
Spectral data of heme and non-heme iron of each pixel would be
required to establish accurate prediction models accordingly.
However, it is impossible to detect any one of the two iron contents
of a pixel. To solve this problem, the best and simplest linear model
for each kind of iron that was constructed based on mean spectrum
at selected important wavelengths. First, the linear model was
transferred to the spectrum of each pixel for predicting the iron
content accordingly. The spatial position of each pixel along with
its iron content was then used to form the distribution map of iron
within PS. The detailed steps involved in visualization were
depicted in previous study (Ma et al., 2014a).



Fig. 3. Average spectra from the multispectral images of PSs treated at six cooking
temperatures (30, 40, 50, 60, 70, and 80 �C). Vertical bars represent standard
deviations from twenty PSs.
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2.8. Software

Image segmentation and spectrum extraction were finished by
using VideometerLab software version 2.10 (Videometer A/S, H,
Denmark). PLSR analysis was programmed in SAS 9.1 (SAS
Institute Inc., USA). Texture extraction, SPA, Lib-SVM, and visual-
ization were carried out by writing a procedure in Matlab 7.11
(The Mathworks Inc., Natick, MA, USA).

3. Results and discussion

3.1. Heme and non-heme iron contents in PSs

The content of heme and non-heme iron in PSs was measured
after processing with six different temperatures (30, 40, 50, 60,
70, and 80 �C) and the measured results were shown in Fig. 2.
Compared with the lower cooking temperature (30–40 �C), the
treatment of 50–80 �C significantly decreased the heme iron con-
tent of PSs and significantly increased non-heme iron content of
that (P < 0.05). From 30 �C to 80 �C an interested phenomenon
was that the decrease in heme iron content was followed by an
increase in non-heme iron content of the PSs. The correlation coef-
ficient (r) between the means of heme and non-heme iron detec-
tions at the six temperatures was �0.773, which indicated that
the increase of non-heme iron content in PSs during cooking was
likely transformed from heme iron. The inverse relationship
between heme and non-heme iron contents caused by cooking
temperature was in agreement with other studies (Carpenter &
Clark, 1995; Kristensen & Purslow, 2001). The major part of heme
iron in meat is located in myoglobin and the thermal denaturtion
degree of myoglobin could not only change heme and non-heme
iron contents in meat products (Hargrove & Olson, 1996;
Kristensen & Purslow, 2001), but also affect some quality features
such as color, flavor, and lipid oxidation (Faustman, Sun, Mancini, &
Suman, 2010; Yancey et al., 2006). Based on these changes in qual-
ity attributes and chemical compositions, MSI technology has a
potential to detect heme and non-heme iron contents in PSs.

3.2. Spectral profiles

Average spectra of PSs in various cooking temperatures were
displayed in Fig. 3. It is characteristic that the reflectance of the
PS increased in most wavelengths of the spectrum with increasing
cooking temperatures, and the difference of these spectral features
might be caused by changes of biochemical and textural
a 

b 

c c 
d 

d 

x 
x 

y z z 

w 

Fig. 2. The average value of heme and non-heme iron contents in PSs treated at
different cooking temperatures (30–80 �C) for 2 h. Vertical bars represent standard
deviations from twenty PSs, and each of them was repeated at least two times. The
Pearson correlation coefficient (r) between heme and non-heme iron was �0.773.
characteristics in PSs. As seen in Fig. 3, one major difference in
spectral intensities was found in the range of 510–650 nm, which
was associated with heme pigments like hemoglobin, myoglobin,
etc. and their oxides such as methemoglobin and metmyoglobin
(Liu et al., 2003; Sivertsen, Heia, Hindberg, & Godtliebsen, 2012).
Additionally, the absorption spectra between 750 and 970 nm
arose from combination of symmetric and antisymmetric O–H
stretching and bending modes (Liu, Qu, Sun, Pu, & Zeng, 2013),
which should make it easier to understand the major difference
of absorption wavelengths ranging from 750 to 970 nm that
related to moisture loss (reduce from 73.75% to 70.25%) caused
by changing of cooking temperature (detailed data not shown).
Therefore, these differences and changes provided a strong evi-
dence for the effectiveness of MSI in detecting the heme and
non-heme iron contents in PSs.

3.3. Prediction of heme and non-heme iron contents using spectra and
textures

The selection of an optimum calibration method is greatly
important in spectral analysis. The quantitative models used for
predicting heme and non-heme iron contents were established
by using PLSR and Lib-SVM analysis methods. The results of multi-
variate analysis based on spectral and textural features (extraction
steps were detailed in the Section 2.5) were shown in Table 1. The
Lib-SVM model established by whole spectra was accurate for pre-
dicting heme iron content in PSs with RP

2 of 0.880 and RPD of 2.885.
When PLSR was used to build the calibration model, compared to
the result of Lib-SVM model, an improvement of 3.4% and 13.8%
was obtained for RP

2 and RPD, respectively. And likewise, the PLSR
model was more accurate and robust than Lib-SVM model for the
prediction of non-heme iron content in PSs. The RP

2, SEP, and RPD
were respectively 0.891, 0.298, and 2.981 for PLSR model that
was also established by the whole spectral data. In order to further
improve data acquisition and processing speed, two groups of
important wavelengths selected by SPA were 405, 435, 450, 570,
590, 645, and 660 nm and 435, 470, 570, 590, 645, 780, and
870 nm, which were respectively applied to predict heme and
non-heme iron contents in PSs. Although the accuracy of whatever
PLSR or Lib-SVM model based on important bands was slightly
reduced in heme and non-heme iron prediction (Table 1), the
implementation of a few number of wavelength variables could
reduce the time required for image acquisition. Thereby, these
selected wavelengths could serve as a reference for industrial
applications. Compared to those models established by whole
and important spectral data, it was not hard to find that all those



Table 1
Calibration and prediction results for heme and non-heme iron contents in PSs treated at different cooking temperatures (30–80 �C) using MSI technique.a

Features Calibration model Variable number Calibration Prediction

RC
2 SEC RP

2 SEP RPD

Heme iron
Whole spectra PLSR 19 0.894 0.147 0.911 0.136 3.348

Lib-SVM 19 0.893 0.148 0.880 0.158 2.885
Textures PLSR 5 0.733 0.234 0.796 0.208 2.197

Lib-SVM 5 0.807 0.199 0.759 0.225 2.028
Whole spectra–textures PLSR 24 0.903 0.141 0.912 0.136 3.356

Lib-SVM 24 0.928 0.122 0.878 0.161 2.843
Important spectra SPA–PLSR 7 0.858 0.171 0.864 0.169 2.700

SPA–Lib-SVM 7 0.847 0.177 0.864 0.169 2.705
Important spectra–textures SPA–PLSR 12 0.862 0.168 0.859 0.171 2.669

SPA–Lib-SVM 12 0.919 0.129 0.842 0.190 2.402

Non-heme iron
Whole spectra PLSR 19 0.920 0.235 0.891 0.298 2.981

Lib-SVM 19 0.922 0.232 0.870 0.331 2.685
Textures PLSR 5 0.578 0.538 0.560 0.592 1.502

Lib-SVM 5 0.762 0.409 0.595 0.568 1.566
Whole spectra–textures PLSR 24 0.936 0.210 0.901 0.281 3.167

Lib-SVM 24 0.936 0.210 0.851 0.352 2.529
Important spectra SPA–PLSR 7 0.913 0.245 0.867 0.324 2.741

SPA–Lib-SVM 7 0.936 0.210 0.879 0.316 2.817
Important spectra–textures SPA–PLSR 12 0.914 0.243 0.875 0.316 2.817

SPA–Lib-SVM 12 0.934 0.215 0.826 0.378 2.352

a SEC: standard error of calibration; SEP: standard error of prediction; R2: determination coefficient between the predicted and measured values; RPD: ratio of performance
to deviation; Bold values highlight the best results in the data processing.
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models using only image information (five textures) have lower
performance in predicting heme and non-heme iron contents of
PSs. This might be because the spectral data had greater contribu-
tion than the textural features in building the PLSR and Lib-SVM
models. Furthermore, spectral information could explain the inter-
nal attributes (chemical compositions, tissue structure, etc.) and
external attributes such as color in PSs, which were closely related
to dietary iron changes, while textural changes occurred during the
cooking process did not have significant relation with the dietary
iron evolution, hence, the prediction results were not very satisfy-
ing (Table 1). To fully play the advantages of MSI technique, the
spectral and image information should be combined to build more
precise prediction models for heme and non-heme iron contents.
Results showed that PLSR analysis method was more suitable for
predicting heme and non-heme iron contents in PSs than
Lib-SVM by combining spectral with texture features. Two largest
RPD values for detecting heme and non-heme iron contents were
respectively 3.356 and 3.167 (Table 1 and Fig. 4), which were con-
sidered adequate for analytical purposes (Nicolaï et al., 2007;
Xiong, Sun, Zeng, & Xie, 2014). Concluded from above, it can be dis-
covered that MSI as a rapid and accuracy method for analyzing
dietary iron content in PSs has great value for storage, processing,
and consumption of meat products.
Fig. 4. Measured and predicted heme (a) and non-heme (b) iron contents in PSs for
calibration set and prediction set by PLSR analysis based on a combination of whole
spectra (405–970 nm) and textures (SEC: standard error of calibration; SEP:
standard error of prediction; R2: determination coefficient between the predicted
and measured values; RPD: ratio of performance to deviation).
3.4. Visualization

The implement of visualization process would be helpful to
understand the variation of heme and non-heme iron contents in
PSs during cooking, which is impossible to identify by naked eye.
In this work, PLSR models established by whole spectra had good
prediction accuracy with RPD of 3.348 for heme and of 2.981 for
non-heme iron, though not as compact as the PLSR prediction
models built by combined whole spectra with textures (Table 1),
which were adequate for using to generate the heme and
non-heme iron distribution maps of PSs.

As shown in Fig. 5, RGB images under a black background could
be used to easily identify color changes caused by different cooking
temperatures that had previously been associated with variation of
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Fig. 5. Distribution maps of heme and non-heme iron contents in PSs. The vertical
color bar represents the intensity values of the images. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of
this article.)
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heme and non-heme iron (Estévez & Cava, 2004; Li et al., 2012).
However, the distribution of heme and non-heme iron contents
in PSs were hard to detect with naked eyes by those RGB images.
To achieve visualization, multispectral images of PSs were applied
to calculate in pixels based on PLSR prediction models. Thus, the
distribution images for heme and non-heme iron contents in PSs
were visualized by mapping their values with a linear color scale
where the different heme and non-heme iron contents from low
to high were shown in different colors from blue to red (color
bar at the right in Fig. 5). Different colors in the distribution maps
implied different heme and non-heme iron contents within the PS
in proportion to the spectral differences of pixels. The pixels with
low heme and non-heme iron contents were shown in blue and
green, while the pixels in orange and red are those with high heme
and non-heme iron contents. With cooking temperature increasing
(range from 30 �C to 80 �C), the change regularity of color pixels
was in accord with the measurement results of heme and
non-heme iron contents by comparing Figs. 2 with 5. These distri-
bution maps offered a more intuitive and comprehensive assess-
ment of heme and non-heme iron contents at each pixel in PSs,
and also proved the importance and usefulness of MSI in evalua-
tion of nutritional quality related to dietary iron in meat products.
4. Conclusions

The heme and non-heme iron, two main forms of dietary iron in
sausages, could be rapidly and nondestructively detected by MSI
technique in this work, which was greatly important to formulate
a reasonable dietary intake program based on nutritional status of
human body. Results showed that the combination of spectral and
textural features was more effective than when the spectra or tex-
tures were used alone for evaluating heme and non-heme iron con-
tents in PSs. Two best models used for predicting heme (RP

2 = 0.912,
RPD = 3.356) and non-heme iron (RP

2 = 0.901, RPD = 3.167) contents
were obtained by PLSR analysis based on combined whole spectra
with five textures. Besides, the distribution of heme and non-heme
iron contents in PSs could be visualized by image algorithm. The
overall results suggested that MSI technology would be a good
alternative to the time-consuming and destructive chemistry
method for detecting dietary iron content in meat products, and
hence would become a valuable direction for meat industry.
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