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Dry-cured ham is a traditional Mediterranean meat product consumed throughout the world. This product is very
variable in terms of composition and consumer's acceptability is influenced by different factors, among others,
visual intramuscular fat and its distribution across the slice, also known as marbling. On-line inter and intra-
muscular fat evaluation and marbling assessment is of interest for classification purposes at the industry.
Currently, this assessment can only be performed by visual inspection and traditional sensory panels. The current
work presents the software MarblingPredictor, which predicts the marbling score of the three most represen-
tative ham muscles from square regions of interest automatically extracted from a ham slice. It also estimates the
rate of subcutaneous and intermuscular fat content in the ham slice. Using MarblingPredictor, the mean absolute
error between the true and predicted marbling scores was 0.53, very similar to the error of sensory panellist,
which is 0.50. The correlation between the computer and sensory scores is 0.68, which means a moderate to good
recognition. This result underscores the relevance of this tool for its application in the ham industry for quality
control and categorization purposes.

As part of this work, we also present the dataset HamMarbling of annotated ham slices used to train and test
the software with the marbling scores provided by the panellists. The MarblingPredictor software and images are
available from https://citius.usc.es/transferencia/software/marblingpredictor for Windows- and Linux-based
systems for research purposes.

1. Introduction

Dry-cured ham is a highly appreciated and traditional product
elaborated in many countries, especially in the Mediterranean basin,
that enjoys a great popularity among consumers around the world.
Flavour and texture are some of the most appreciated characteristics by
consumers. The product quality is affected by many factors, such as the
processing conditions, fat content and specially its fat distribution. Since
dry-cured ham is usually consumed in sliced format, consumer's
acceptability is influenced by the appearance of the slices such as sub-
cutaneous fat and/or color, and in particular, by the intramuscular fat
(IMF) and the distribution of this fat, also known as marbling (Cernadas,

* Corresponding author.

Durdn, & Antequera, 2002). Automatic classification of slices according
to the marbling degree, as well as detection of steatosis (areas with
excessive intramuscular fat) and excessive intramuscular/subcutaneous
fat, is of interest for the industry, as this will allow producers to improve
quality controls.

Nowadays, different sensory evaluation scales are used for classi-
fying meat products according to their marbling degree e.g., National
Pork Producers standards (Moines, 1999). These scales are used by
panels of trained experts to evaluate meat products. For dry-cured ham,
a marbling evaluation scale has been recently designed.' However, these
methods are not feasible for the daily control at the industry because
they are tedious and very time-consuming.
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In the latest years, many approaches based on digital image analysis
have been proposed for food quality assesment (Meenu et al., 2021; Pu,
Yu, Sun, Wei, & Wang, 2023), like for the potatoes (Sanchez, Hashim,
Shamsudin, & Mohd Nor, 2020), fruit damage (Mahanti et al., 2022), or
even ham (Valous, Mendoza, & Sun, 2010). In the field of meat products,
researchers applied computer image analysis to evaluate the segmen-
tation and distribution of IMF in different meat products. These tech-
nologies are, generally speaking, non-invasive and easily replicable.
Moreover, their implementation costs have decreased considerably.
Different image analysis methods have been applied to segment IMF in
different meat products, including beef Longissimus dorsi muscle
(Jackman, Sun, & Allen, 2009; Kucha, Liu, Ngadi, & Gariépy, 2023; Liu,
Sun, Young, Bachmeier, & Newman, 2018; Uttaro, Zawadski, Larsen, &
Juarez, 2021) in pork loin or dry-cured ham (Avila et al., 201 9; Cernadas
et al., 2002; Cernadas, Carrion, Rodriguez, Muriel, & Antequera, 2005;
Munoz, Gou, & Fulladosa, 2019; Santos-Garcés, Munoz, Gou, Garcia-Gil,
& Fulladosa, 2014). Evaluation of IMF distribution or marbling has also
been studied for differente meat products such as longissimus muscle of
pigs (Faucitano, Rivest, Daigle, Lévesque, & Gariepy, 2004, pork meat
(Huang, Liu, Ngadi, & Gariépy, 2013; Liu, Ngadi, Prasher, & Gariépy,
2012) and dry-cured ham (Cernadas, Fernandez-Delgado, Fulladosa, &
Munoz, 2022; Munoz, Rubio-Celorio, Garcia-Gil, Guardia, & Fulladosa,
2015; Velasquez, Cruz-Tirado, Siche, & Quevedo, 2017).

The performances of these computer vision techniques are quite
satisfactory for IMF detection and marbling evaluation. However, there
are several challenges that needs to be addressed. For instance, the de-
gree of marbling of slices not only varies among different ham pieces,
but also within the same ham and within the muscles in the same slice.
Moreover, the color of the fat tissues may vary considerably from one
ham to another, making difficult to segment correctly the fat tissue.
Differences in color are usually associated with different degrees of
drying. Whereas subcutaneous fat can be relatively easy to segment,
because of its location near the border in the slice, IMF may be trickier as
in many cases consists of small streaks with a wide range of white to-
nalities, being difficult to detect. This can become even harder due to the
presence of precipitates (phosphates of tyrosine crystals) with a color
similar to some fat specks.

This paper presents MarblingPredictor, a software tool that can be
used to segment subcutaneous and intermuscular fat from images of
sliced dry-cured ham, and at the same time to predict the marbling
scores in different muscles applying pretrained regression models based
on image texture analysis. The tool allows to re-train these models in
order to fit new available data. This software can be used in research
studies or to design vision systems for the in-line classification of meat
products in industry.

2. Methods

MarblingPredictor is a multi-platform (Windows and Linux) desktop
application developed in C++ using the GTK+ and the OpenCV libraries
for the development of graphical user interface and automatic image
processing, respectively. This software automatically predicts the
marbling of the three most important muscles present in a ham slice,
Biceps Femoris (BF), Semimembranosus (SM) and Semitendinosus (ST).
Besides, it recognizes the area of the subcutaneous fat and intermuscular
fat. Fig. 2 shows a screenshot of MarblingPredictor with a typical image
of ham slice loaded and the lateral (right) panel displayed. Subsection
2.1 describe the adquisition system of ham samples. The architecture
and main funcionality of MarblingPredictor is described in subsection
2.2, while subsections 2.3 and 2.4 explain the algorithms included in the
software to detect the muscles and fat, and to predict the marbling score,
respectively.

2.1. Materials

The image acquisition system of ham slices was described in our
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previous work (Cernadas et al., 2022). It is composed of a calibrated
digital camera Canon EOS 50D and an objective Canon EF-S 18-200 mm
f/3.5-5.6 IS.

For each slice, sensory analysis (marbling evaluation) was carried
out by three trained panellists (ISO 8586-2: 2012) and consisted of a
visual assessment of the marbling of Biceps femoris (BF), Semi-
membranosus (SM) and Semintendinosus (ST) muscles present in the
dry-cured ham slice, independently (Arboix, Boadas, Gou, & Valero,
2000; Arnau, Guerrero, Casademont, & Gou, 1995). Fig. 1 shows ex-
amples of these muscles on the ham slice image. Marbling was scored by
consensus by means of scoring scale from 0.5 (minimum marbling) to 10
(maximum marbling) at intervals of 0.5 using a previously defined
marbling sensory scale.” The marbling evaluation was done in triplicate
by the panellists, achieving a standard deviation among trials of 0.5
points. This deviation was estimated from the scores of a set of slices that
were evaluated by panellists at different days.

Commercial dry-cured hams were used in the experiments coming
from different ham producers, corresponding to crosses from different
pig breeds and having a wide range of marbling, from 0.5 to 9. See also
(Cernadas et al., 2022) for a detailed description for the process to
obtain the ham slices. The image dataset is composed of 741 images
corresponding to different muscles extracted from each side of 371 dry-
cured ham slices (one slice per ham). Specifically, 351 for BF, 335 for SM
and 55 for ST.

2.2. Functiondlity of MarblingPredictor

MarblingPredictor manages three types of files: 1) image files to store
the image; 2) XML (eXtensible Markup Language) files to save the ob-
jects with the analysis of the image; and 3) CSV (comma-separated
values) files to export analysis measures and marbling scores. It is
structured in three layers: the graphical modules for user interaction, the
application modules to process the images and predict the marbling
score, and the persistence modules to save the XML and CSV files. Fig. 3
shows the flowchart with the main tasks of MarblingPredictor. After
opening a slice image, MarblingPredictor extracts the regions of interest
recognizing automatically the ham slice outline, subcutaneous and
intermuscular fat, and three square regions (see Fig. 2) representing the
most representative ham muscles (BF, SM and ST). The marbling score
for each muscle and the percentage of occupied area by subcutaneous
and intermuscular fat are visualized, and can be saved into XML and CSV
files. Using the edition tools, the visible objects can be moved, deleted or
modified. The user can also add new fat regions or muscles with irreg-
ular shapes, and all results (marbling scores and fat percentage) can be
recalculated. Anytime, the user can set the working preferences, train
the regression model or export joined results of various ham slices. A
detailed description of the MarblingPredictor functionality can be found
in the user guide, provided as supplementary material.

2.3. Recognition of muscles and fat in the ham slice

The visible muscles in ham slices are irregular regions (see Fig. 1).
But, MarblingPredictor only recognizes automatically square regions of
interest (ROIs) of size s pixels inside the three most representative ham
muscles to predict their marbling scores. The ROI size s can be set by the
user in the MarblingPredictor preferences, and its value depends on the
spatial resolution used to acquire the images. The main steps to auto-
matically analyze an image of ham slice using MarblingPredictor are: 1)
extract the outline of ham slice; 2) extract the contour of the hole in the
ham slice, if present- this hole corresponds to the bone of the pig leg—; 3)
recognize the contours of the subcutaneous fat; 4) recognize the con-
tours of the intermuscular fat; 5) extract the square ROIs of size s for

2 https://www.irta.cat/wp-content/uploads/2022/06/Manual-de-evaluac
ion-sensorial-de-jamon-y-paleta-curados_31052022.pdf
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Biceps Femoris (BF)

Semimembranosus (SM)
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Semitendinosus (ST)

Fig. 1. Examples of ham slice images where the most representative muscles in the ham are surrounded by a blue line. (For interpretation of the references to color in

this figure legend, the reader is referred to the web version of this article.)

File Edit View Analysis Prediction Help

D B@Ee s s

Detect the muscles: Run

Selected regions: Split Merge Complete

Asign a category to region:
HC | SF  IF | Holes

BF ST SM  User Muscle

Muscle name
Marbling: | 0

Marbling scores predictions: | Predict

Biceps femoris: 3.0
Semimembranosus: 2.4

Semitendinosus: 6.0

Subcutaneous fat area percentage: 12.0

Fig. 2. Screenshot of the software MarblingPredictor. The color of the overlays (left panel) shows the type of structure: red for slice outline, pink to subcutaneous fat
and dark blue to intermuscular fat. The white, yellow and green squares represent respectively the region of interest automatically extracted for the biceps femoris,
semimembranosus and semitendinosus muscles. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of

this article.)

each muscle BF, SM and ST; and 6) predict the marbling score of some
region in the ham slice, automatically detected in step 5 or drawn
manually by the user (see subsection 2.4 for the description). The al-
gorithm to extract the square ROIs, named ExtractSquaredROI, was
already proposed and validated in our previous work (Cernadas et al.,
2022). Now, we present a method to recognize the muscles and fat in the
image, named SegmentHamImage, whose pseudo-code is listed in al-
gorithm 1.

Although the acquisition systems provide images in the RGB color
space, we use the Lab color space in some steps of the image processing
due to its better behaviour with differences in the illumination. Let

I(x,y), x=1,...,N and y =1,...,M be the original RGB image of the
ham slice, and let I be the b channel of the Lab image processed by a
median filter with a mask of 5 pixels in order to attenuate random noise
(see an example in the I, image in Fig. 4). Most of the I, image is the area
outside the ham slice, which is almost constant. So, the maximum grey
level of the histogram Hj, of I, is calculated, and it is used to create a
binary image B from I, using the criterion: B(x,y) = 0 if |I;(x,y) — Hp| <
offset and B(x,y) = 1 otherwise. An offset of 5 grey levels is used in order
to avoid spurious noise. The B image is post-processed with morpho-
logical open and close filters using a masksize of 5 pixels, Iy, in order to
remove small black or white regions in the image. Afterwards, the
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Fig. 3. The flowchart with the main tasks of MarblingPredictor.

Iy
I,

IOut

Fig. 4. An example of the automatic processing of ham slice image no. 89590 using the SegmentHamImage method: I (original image), I, (channel b of Lab image of I
after processing by a median filter, I, (mask image with the ham slice in white), I;, (absolute value of b minus a channels of Lab image masked by a eroded version of
In), Isc (subcutaneous fat in white), I, (L channel of Lab image without subcutaneous fat) and I (binarization of I; image) (see algorithm 1 for details). The image Iou
shows the set of contours .”” overlapped to the original image: outline ham (red), subcutaneous fat (pink), intermuscular fat (dark blue), holes in intramuscular fat
(blue) and square ROI for BF (white), SM (yellow) and ST (green) muscles. (For interpretation of the references to color in this figure legend, the reader is referred to

the web version of this article.)



E. Cernadas et al. Meat Science 221 (2025) 109713

Fig. 5. Examples of the visual performance of the SegmentHamImage algorithm for several ham slices. The color means different type of objecs: ham outline (red),
subcutaneous fat (pink), intermuscular fat (dark blue) and square BF (white), SM (yellow) and ST (green) muscles. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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Fig. 6. Upper row: Computer Expert Rate (CER) and Weighted Absolute Percentage Error (WAPE) of fat content for each ham slice for subcutaneous fat (left panel)
and intermuscular fat (right panel). Lower row: scatterplot of the expert and computer fat rate for the subcutaneous fat (left panel) and intermuscular fat (right
panel). The correlation R is reported in the title.
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contours of the regions in Ip, image are extracted using the algorithm
proposed by Suzuki and Be (1985). The ham outline ¢, is extracted as the
biggest external region, while the hole contour cy, if present, is extracted
as the biggest internal region with more than 1000 pixels. A mask image
I, shown in Fig. 4 is built considering the inside of ¢, as white and ¢, as
black respectively.

Algorithm 1. Automatic segmentation of a ham slice image.

-

Algorithm: S=SegmentHamImage(/,s)

Data: I: original RGB image of ham slice; s: size of ROI
Result: S = {¢;}1¥5: set of regions recognized

Iy, Iy < a and b channel of Lab image of /

// slice outline

I, < median filtering with mask 5 of [,/

H, < maximum of histogram of I,

B(z,y) « 0if |[(z,y) — Hy| <5 and 1 otherwise

Iy < binary image B after morphological processing

¢, < contour of the biggest external region in Iz,

cp, < contour of the biggest internal region in I,

10 Apam < area(c,)

u I, < mask image filling ¢, with 1

12 // subcutaneous fat

B3 I < |Iy(2,y) — Lo (2,y) | Y(2,y)

14 1;, + I, masked by an eroded version of [,

15 ty,t9,t3 ¢ Otsu3ThresWB ([;,)

16 T+ (t1+t2)/2

17 Iger < 1if I;;, < T and 0 otherwise

18 Isc < Igcr after open filtering

19 B < external contours in Ig¢

20 {5OYNse « {¢; € Bl areal(c;) < 0.005Apqy and touch(c;, ¢,)}
// intermuscular fat

22 I;, < L channel of Lab image of |

233 I ¢ I, image with {¢;}25¢ filled with 0
24 I, < I, multiplied by a eroded version of /,
25 th th th « Ot su3Thresws (1)

26 Ig(z,y) < 1if I (z,y) > t& and 0 otherwise

27 C < external and internal contours in /g

3 {c/FANF  {¢; € C| ¢; external and area(c;) > 0.01Ap0m}

29 {cHFYNEF L) € C| ¢; internal and area(c;) > 0.01 A0}

30 // ExtractSquaredROI (): algorithm 1 in (Cernadas et al., 2022)
Ipp, Isy, Isp < ExtractSquaredROI([, 8)

32 cgr,Csu, CsT < bounding box coordinates of I, [sar, IsT

3 8 {e} U{en} U{ef Y U {1 ULl T} Uepr, cou, cst}

)

L

m

w
=

The subcutaneous fat is just below the skin of the ham, so it will be
seen in the ham slice image touching the ham outline. So, we only
analyze the image in a ring attached to the edge of the slice. A mask
image with this ring I,y is built from the ¢, contour of the ham outline,
which is eroded many times (in our case, 20 times) with masksize of 5, to
built the other mask image I,,-. The xor function of both mask images is
multiplied by the absolute difference between b and a channel of Lab
image, I, developing the image I;. The Fig. 4 shows an example of
image [;;, normalized to the range [0,255] for visualization purposes. In
this image the darker pixels are associated to fat and the brighter pixels
to lean. The selection of the optimal value to threshold the image is
always a critical decision, and in the literature it is often determined by
trial and error. In our approach, this optimal threshold T is automati-
cally selected from the image characteristics using the method proposed
by Otsu (1979), which selects T to minimize intra-class intensity vari-
ance while maximizing inter-class variance. We used a modified version
of this method, called Otsu3ThresWB, that considers four classes and
does not consider the black pixels (grey level 0). Let t;, ts, t3 the intensity
values provided by Otsu3ThresWB(I;,). The selected optimal value is
T = (t1 + tz)/2. A binary image is obtained setting to 255 the grey levels
Iin(x,y) < T,V(x,y) and to O the remaining pixels. This image is pro-
cessed by an open filter with masksize 5 to remove spurious noise,
obtaining the image Isc shown in Fig. 4, where the subcutaneous fat is
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visualized as white regions. The subcutaneous fat regions c¢ are the
external regions of Isc, whose area is biggest than the 0.5% of the area of
ham slice and it is touching the ham outline (function touch in algorithm

1). Let p}l: = (XJ‘ y;) € ¢; be points in the contour ¢;. The function
touch(c;, ¢,) returns true if 3p; such that |pp — p}l <10 and false

otherwise.

The intermuscular fat is located between the muscles of the ham,
normally in the center of the slice. For automatically recognize this fat,
we use the intensity channel of Lab color space, the L channel. A binary
mask is built from the I, image adding the contours of the subcutaneous
fat filled by 0 value, and a eroded version of this image with masksize 5
is multiplied by the L channel of slice to obtain the I image in Fig. 4. Let
&, &, be the threshold values obtained after applying the
Otsu3ThresWB(I;) function to I, image. The binary image Iz containing
the intermuscular fat is calculated setting Iz(x,y) = 1 if I (x,y) > ¢ and
Iz(x,y) = 0 for the remaining pixels (x,y). The contours of external
white region in Iz, whose area is biggest than 1 % of ham slice area, are
associated to intermuscular fat (see the dark blue contours in the I,
image of Fig. 4). The internal black regions in Iy, whose are also biggest
than 1 % of slice area, are associated to lean inside areas of inter-
muscular fat (see the light blue in image Io,; of Fig. 4).

Fig. 5 shows examples of the visual performance of SegmentHam-
Image algorithm for various ham slices. The contours of set .7 are
overlapped to the original image and their color depends of the type of
object: ham outline (red), subcutaneous fat (pink), intermuscular fat
(dark blue), lean inside intermuscular fat (light blue) and squares with
BF (white), SM (yellow) and ST (green) muscles. It is important to
emphasize that all the threshold values, T and té to binarize the I, and I,
images respectively, calculated by Otsu3ThresWB function, are different
for each image. In this way the differences in ham slice characteristics
and acquisition conditions are embedded into the segmentation algo-
rithm, avoiding any normalization pre-processing.

2.4. Marbling score prediction

The marbling score of the muscle is a real value between 0 and 10, so
the machine learning model needed to predict this score is a regressor.
Once a square ROI is automatically detected by MarblingPredictor or
drawn manually by the user, the software predicts the marbling score of
that region by applying a machine learning regression model on a vector
of color texture features extracted from the ROI In our previous work
(Cernadas et al., 2022), we evaluated several regressors belonging to
different families and various color texture feature vectors. The best
trade-off between performance and speed was achieved by: 1) a feature
vector composed by the mean and variance of all channels of the RGB
original image I inside the region, plus the Haralick coefficients contrast,
homogeneity, correlation and energy of the coo-currence matrix calcu-
lated over the distances 1, 2 and 3; and 2) the epsilon-support vector
regression (SVR) with radial basis function kernel. MarblingPredictor
calculates the color texture features using the OpenCV library, and uses
the SVR implemented by the LibSVM library (Chang & Lin, 2011), both
accessed through their C++ interfaces. Each training example contains
the input vector and the true output for a ham slice. The input vector
includes 18 color texture features extracted from a ROI in ham slice. The
true output is the marbling score set by the expert panel for the muscle
where the ROI is located. For the SVR, the regularization hyper-
parameter 1 is tuned using values {2}, with i from —5 to 14 with step
2, while y = 1/202, where ¢ is the kernel spread, is tuned with values
{2'}, being i from —15 to 0. The experimental methodology that we used
was 4-fold cross validation. The training set is divided into four folds,
devoting three folds for training and the remaining one for validation. In
order to ensure that all folds have ham slices representative of the whole
range of marbling scores, the training slices are sorted by increasing
marbling score. After that, slices 1, 2, 3, 4 are added to folds 1, 2, 3 and 4
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respectively. Slices 5, 6, 7 and 8 are included in folds 1, 2, 3 and 4
respectively and so on. The input vector and the output (marbling score)
are standardized, i.e., transformed to have zero mean and standard de-
viation one over the training set. The tuning of A and y is performed using
the grid-search method. For each combination of hyper-parameters, the
SVR model is trained using the three training folds, and tested on the
validation fold. This training is repeated four times, and each time the
validation fold is different in order to remove eventual biasings caused
by the slice splitting among folds. The combination of hyper-parameters
selected is the one that minimizes the average root mean square error
(RMSE), over the four validation folds. The RMSE is the squared root of
the mean squared differences between the true and predicted marbling
score over the validation slices. The combination of 1 and y that achieves
the lowest average RMSE on the validation folds is selected to train the
SVR on the whole training dataset. MarblingPredictor uses the SVR
trained according the previous procedure to predict the marbling score
for new slices. The trained regressor is also included with the Mar-
blingPredictor software.

3. Results and discussion
3.1. Experimental setup

In order to statistically evaluate MarblingPredictor, the 741 ham
slice images of the dataset were divided in training and test sets. The
slices are sorted by marbling score and, after sorting, the data 1 is
asigned to training set and data 2 to test set, data 3 to training set, and
data 4 to test set, and so on. In this way, each set has aproximatly the 50
% of slices, while both include slices with marbling scores distributed
over the whole range of values. The training set is used to train the
default regressor (SVR) included in MarblingPredictor, and the test set to
evaluate the reliability of MarblingPredictor for fat calculation and
marbling prediction.

The mean absolute error (MAE) is used to evaluate the ability of
MarblingPredictor to predict the marbling score of ham slices in the test
set. The MAE is the average absolute difference between the predicted
and true marbling value, defined by:

1 N
MAE = . 21 ly: — ol )

where y; and o; are the predicted and true values of marbling, respec-
tively, for ham slice i and N is the number of ham slices in the test set.

The performance of the algorithm to recognize the fat content
(subcutaneous and intermuscular fat) is evaluated comparing the area of
the ham slice image predicted by the computer with the true one. Let AL,
Al and Al be the area of fat content provided automatically by Mar-
blingPredictor, after one expert supervision and the area of ham slice for
the image i, with i = 1,...,N. We define the CFR (Computer Fat Rate),
EFR (Expert Fat Rate) and CER (Computer Expert Rate) for each image i
as:

CER; = — < )

We also define the WAPE (Weighted Absolute Percentage Error) as
the relative error of the percentage CER normalized by A,:
N N N
> A A,
WAPE(%) = 100=——— 3)
> AL
i-1

The Pearson correlation, R, between the percentage of surface
recognized by the computer as fat and true percentage of fat obtained by
the panellist by manual selection is the following:
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M=

(CFR; — CFR)(EFR; — EFR)
R= ' 4

\/< 3 (CFR; —ﬁ)z) (fj(EFRi —W)z)

i=1 i=1

||
-

where CFR; and EFR; are the fat content percentage recognized by the
computer and true fat content percentage selected manually by the
panellist, respectively, for ham slice i, while CFR and EFR are the mean
values of {CFR;}Y, and {EFR;}Y ,, respectively.

3.2. Fat calculation results

The accuracy of MarblingPredictor to calculate the subcutaneous fat
and intermuscular fat of ham slice is measured on the test set. For that,
the user loaded an image and run the automatic algorithm described in
section 2.3 to recognize the subcutaneous and intermuscular fat. Then,
the expert checked the automatic recognition and corrects the errors
modifying, adding or deleting the recognized regions, and saved the
XML file for each image. The changes made by the experts using the
graphical user interface (GUI) of MarblingPredictor were registed in the
XML files in order to evaluate its performance. Table 1 summarizes the
minimum, maximum and average fat content provided by the computer
and after expert supervision (see the egs. 2 and 3 for the meaning of CFR,
EFR, CER and WAPE). In average, the fat percentage provided by
computer and experts in relation to the ham slice area (columns CFR and
EFR in the table) are very similar, 15.5 % provided by the computer vs.
13.1 % by the expert for the subcutaneous fat, and 2.3 % by the com-
puter vs. 3.1 % by the expert for the intermuscular fat.

In order to find out how works the automatic algorithm to recognize
the fat content, we compare the fat area recognized automatically by
MarblingPredictor to the true fat area (columns CER and WAPE in the
table). The true fat area recognized by the algorithm falls into the range
from CER = 57.4 % to 137 % (average 86.4 %) for the subcutaneous fat,
i. e. for some ham slices the subcutaneous fat recognized is lower than
the true (57.4 % of true area) and for other ones is bigger than the true
(137 %). For the WAPE, the error goes from 0 % (perfect recognition) to
42.6 % with an average of 16.7 %, which is a low/moderate normalized
error. For the intermuscular fat (lower part of the Table 1), the recog-
nition error is higher than for the subcutaneous fat and its dispersion
also higher. A detailed view of the recognition error is shown in Fig. 6. In
the upper row it is plotted the CER and WAPE for each ham slice, sorted
by increasing value of CER. For the subcutaneous fat, the WAPE is lower
than 20 % for the majority of ham slices (average 16.7 %). Nevertheless,
for the intermuscular fat recognition the errors are higher, mainly due to
the intermuscular fat area for some images is very low and small

Table 1

Average, minimum and maximum percentages of fat content of ham slice over
all images (subcutaneous fat in the upper side and intermuscular fat in the
bottom one) recognized automatically by the computed (CFR column) and after
expert supervision (EFR column). The column CER shows the rate of area
recognized by the computer divided by the true area, and its relative rate is
shown in the column WAPE.

Related to slice Related to true area

CFR EFR CER

WAPE

subcutaneous fat

Avg. 15.5 13.1 86.4 16.7
Min. 7.5 6.6 57.4 0.0
Max. 24.5 19.5 137.7 42.6
Intermuscular fat

Avg. 2.3 3.1 151.7 56.6
Min. 0.5 0.9 37.1 0.0

Max. 8.0 10.6 496.6 396.6
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variations in the recognition provides high error (A, is in the denomi-
nator in eq. 3), although this fact has little influence on the automatic
calculation of intermuscular fat rate (compare CFR and EFR columns in
Table 1). In fact, the graphs of the lower row of Fig. 6 show a scatterplot
of the expert and computer fat rate (EFR and CFR respectively), where
each blue point represents one ham slice and the red line is the perfect
recognition, for subcutaneous fat (left graph) and intermuscular fat
(right graph). In both cases, the majority of the blue points are quite
close to the red line, meaning a good estimation of fat area rate. Hence,
the correlation R (see Eq. 4) of expert and computer measures of the
percentage of fat content achieves R=0.68, qualified as “moderate to
good” according to the criteria of Colton (1974).

3.3. Marbling prediction results

The ability of MarblingPredictor to predict marbling score is also
measured on the test set. For that, the user did the following steps for
each image in the test set: 1) loaded the image; 2) run the automatic
algorithm to extract the square ROI for each muscle, and the regressor to
predict the marbling; 3) checked the prediction for the muscle with the
sensory analysis provided by the trained panellists, set the true marbling
score for that muscle and checked the box in the GUI; and 4) saved the
XML file for that image in order to perform the statistical analysis.
Table 2 shows the results (MAE row), globally and for each muscle,
achieved analysing the mentioned XML files for the test set. The MAE
row is the mean absolute error between the predicted and the true
marbling; rows T < x are the percentage of ham slices where the dif-
ference between the predicted and true marbling value is lower than a
tolerance T = x. The N row is the number of test images for each muscle.
The average error of the automatic marbling predicted by the computer
and the panellist assessed by experts is low (MAE =0.53), considering
that the average variation of the expert panellist is 0.50. According to
muscle, the prediction is better for BF (MAE = 0.47) than ST (MAE =
0.64). The Residual Prediction Deviation (RPD) was calculated in the R
language for Statistical Computing® using the RPD function of the chillR
package. Values of RPD above 2.5 are considered an excellent agree-
ment between true and predicted values. In our case, the RPD achieved
(1.89475) is a moderate performance.

Table 2

Mean Absolute Error (MAE) between the predicted and true value for marbling
score for all ham slices (column “All”) and for the muscle Biceps femoris (column
BF), Semimembranosus (column SM) and Semintendinosus (column ST). N is the
number of ham slices. Assuming that the marbling score is correctly predicted if
it is within an interval of the true marbling score, called tolerance (T), from five
to eight rows show the percentage of ham slices correctly labeled. From 11 to 13
rows show this percentage after supervise the position of the automatically
extracted region of interest (ROI) for each muscle.

All BF SM ST
N 356 169 159 28
Automatic prediction
MAE 0.53 0.47 0.58 0.64
T<05 55.9 62.7 49.7 50.0
T<1 86.2 88.7 84.3 82.1
T<15 96.1 97.6 95.0 92.8
T<2 99.2 99.4 96.8 96.4

ROI position supervised

MAE 0.29 0.26 0.30 0.37
T<05 91.0 94.0 89.9 78.6
T<1 99.4 100 98.7 100
T<15 100 100 100 100

3 http://r-project.org
4 https://cran.r-project.org/web/packages/chillR/index.html
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The rows below MAE in Automatic prediction part of Table 2 are the
percentage of right classifications of ham slice. Assuming the expert
assessment error in the marbling prediction (0.50), the computer clas-
sifies correctly the 55.9 % of ham slices (from 62.7 % for biceps femoris to
49.7 % for semimembranosus). Increasing the tolerance to 1, the correct
classification grow up to 86.2 % and for a tolerance of 2, all ham slice are
practically correctly classified (99.2 %).

The experts performed an experiment supervising the ham slices in
which the difference between predicted and true marbling is higher than
0.50 (see the rows below ROI position supervised in Table 2). In the su-
pervision, the expert can only move the square representing each muscle
to another position with more representative characteristics. Comparing
the results before and after expert supervision (upper and lower part in
Table 2), all the performance metrics improve: the MAE reduces from
0.53 to 0.29, and the slice classification raises from 55.9 % to 91 % for
T < 0.5. Then, we can conclude that the errors in marbling prediction
are mainly due to a non-suitable selection of the square ROI of the ham
muscles to predict the marbling score.

We also tested the ability of MarblingPredictor to predict the
marbling score of irregular regions, like the contour of a whole muscle.
Although the model was trained using square ROIs, we repeated the
above experiment using the most important muscles drawn by experts in
the test set (examples in Fig. 1). Table 3 shows the MAE achieved by type
of muscle and different tolerances, reporting results similar to Table 2 or
even slightly better in some cases. For example, the MAE decreases from
0.53 to 0.5 considering all muscles together. The correct classification of
ham slice increases from 55.9 % to 60.7 % using a tolerance of 0.5. In
this way, the irregular shape drawn by the expert guarantees that texture
features are not calculated outside the muscle. This is, probably, the
reason of this gain in performance. So, MarblingPredictor can be used
both for predict automatically the marbling score of the muscles BF, SM
and ST or to predict the marbling score of a region in the ham slice
drawn by the user.

3.4. System perception

In the subsections 3.2 and 3.3, we evaluate the performance of
automatic algorithms to estimate fat and marbling score in a ham slice.
In this subsection, the subjective perception of experts using the mar-
blingPredictor tool is evaluated using the system usability scale (SUS), a
10-item questionnaire (Bangor, Kortum, & Miller, 2009; Brooke, 2013)
to assess the learnability and subjective perceived usability of computer
systems. The interpretation of the SUS score in a 0 to 100 scale is (Sauro,
2011): <25 indicates “the worst imaginable system”; from 25 to 39
means “the worst imaginable to poor”; from 40 to 52 is “poor to
acceptable”; 53 to 73 is “acceptable to good”; 74 to 85 is “good to
excellent”; and above 85 indicates “excellent to the best imaginable
system”. The SUS questionnaire was filled by 8 experts (technicians and
researchers) in meat and ham assessment of the Institute of Agrifood
Research and Technology of Catalunya, which is the minimum number
of people to provide a reliable score of the software. The average SUS
score was 73.44 (ranging from 62.5 to 80), which means that the user

Table 3
Analogous to Table 2, but using the irregular contour of the most representative
muscles drawn by the experts.

All BF SM ST
N 356 169 159 28
MAE 0.5 0.40 0.61 0.55

Automatic prediction (%)

T<05 60.7 70.2 50.9 57.1
T<1 87.9 94.6 81.1 85.7
T<15 97.5 99.4 95.6 96.4
T<2 99.4 100 96.2 100



http://r-project.org
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perception about MarblingPredictor is “acceptable to good” but very
near to “good to excellent”.

4. Conclusions and future work

This paper proposes the software MarblingPredictor, that allows to
predict automatically the marbling score and to calculate the subcu-
taneous and intermuscular fat content of a dry-cured ham slice from its
image. MarblingPredictor automatically recognizes the subcutaneous
and intermuscular visible fat and extracts square ROIs from the most
representative muscles in the slice: BF (Biceps femoris), SM (Semi-
membranosus) and ST (Semitendinosus). The software predicts the
marbling scores for the muscles calculating color texture features on the
different ROIs in the ham slice. The mean absolute error (MAE) between
the true score, set by a panel of experts, and the marbling prediction,
provided by MarblingPredictor, is 0.53, with small differences among
muscles, ranging from 0.47 for BF to 0.64 for ST. This difference is
similar to the variance among the panellists, whose scores have a
deviance of 0.50. The software also calculates the percentage of area
occupied by subcutaneous and intermuscular fat. The Pearson correla-
tion between the fat content estimation made by the computer and the
true one is 0.68, qualified as “moderate to good” according to the Colton
criteria. The experts subjectively perceived MarblingPredictor as a
“good” software tool.

The results reported by MarblingPredictor are very encouraging as
the algorithms implemented in this tool can be used for developing
automatic quality systems working in real-time for the meat industry.
The evaluation of marbling and fat in ham slices may allow companies to
provide additional information for consumers and segment markets, and
to offer products tailored for consumer needs (reduced fat intake, etc).
The use of these algorithms could also be extended to other meat
products, such as fresh meat, etc., in which fat and marbling plays also
an important role. However, some challenges lie still ahead. Sliced ham
is produced in packages containing several slices and it is not feasible to
analyze slice by slice.
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