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Abstract

The quality of a pig carcass is mainly measured by the lean meat per-
centage (LMP), which can be virtually estimated from computed tomography
(CT) scans. Different strategies exist to classify the CT voxels into tissues
such as fat, lean and bone, being the thresholding-based methods the most
commonly used. However, these methods are usually affected by the partial
volume effect, and also by data variability, which is implicit from different
CT scanners and protocols, since no standard behaviour has been defined.
The aim of this paper is to extend an LMP quantification method which uses
a partial volume model by adding a new step to detect the animal skin, and
thoroughly evaluate the new approach by analysing each of its steps. The
evaluation is performed by comparing the whole pipeline of the proposed ap-
proach with a simple thresholding method and a thresholding method with

bone filling and skin detection, which is an intermediate step of the new
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pipeline. Five experiments have been designed to test how accurate are the
results of the method regarding the LMP values computed from the manual
dissection, as well as the robustness to data variability. Two different man-
ual dissection methodologies have been tested: the partial dissection, which
estimates the LMP using the lean of the four main cuts of the carcass plus
the tenderloin, and the total dissection, which uses the lean of the twelve
main cuts. A total of 146 half carcasses have been used for this study (105
using the partial dissection methodology, and 41 using the total dissection
one). To evaluate the experiments, the LMP values virtually obtained from
the three methods have been compared mostly with the LMP values from the
manual dissection, computing the coefficient of determination R? from the
correlations, as well as the root mean square error of prediction by means of
leave-one-out cross-validation. A statistical analysis is performed to resolve if
two correlations are significantly different. The experiments’ results confirm
the high accuracy of the proposed approach for the LMP estimation, and
mainly its high robustness to data variability. The experiments also disclose
that the detection of the animal skin and its classification as a new tissue,
instead of classifying it as lean, improve the results. The evaluated method
has demonstrated to be as effective as the thresholding method with bone
filling and skin detection, and more robust to data variability than the other

evaluated methods.

Keywords: Lean meat percentage, Computed tomography, Partial volume

effect, Segmentation, Pig carcass quantification
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1. Introduction

Lean meat percentage (LMP) is a key parameter to measure pig carcass
quality, it is compulsory in the Europe Union and it determines the basis for
the price of the carcass. To compute the LMP from computed tomography
(CT) scans, special methods to classify CT voxels into tissues according to
its Hounsfield Unit (HU) values are required. Unfortunately, variability be-
tween animals and breeds, and also between scanners and protocols makes
the definition of a standard correspondence between HU values and tissues
difficult (Olsen et al. (2017)), and each country has defined its own model
(Romvari et al. (2006); Font-i-Furnols et al. (2009); Daumas and Monziols
(2011)). Moreover, the partial volume effect further complicates LMP com-
putation, that is, voxels which are usually placed in the border between two
tissue regions may have a big uncertainty, and they cannot be classified be-
cause they contain more than one tissue. This difficulty has been studied
in other fields such as oncology (see Cysouw et al. (2017) for a review), but
mainly in the field of neuroimaging (see Tohka (2014) for a review), evaluat-
ing its impact (Dukart and Bertolino (2014)), compiling different methods to
enhance the image visualisation (Salminen et al. (2016)), and still proposing
novel techniques to reduce the effect (Bural et al. (2015); Sener et al. (2016)).

To tackle the partial volume problem, different strategies have been pro-
posed. Assuming a uniform probability for the non-pure tissues over the
image, i.e. each partial volume voxel has the same probability for every non-
pure tissue, Santago and Gage (1993) propose a model with six Gaussian
distributions, three for the pure tissues and three for the two-class partial

volume ones, with a set of parameters which have to be minimised to fit the
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model to the histogram. With the same assumption, Laidlaw et al. (1998)
reconstruct a continuous function incorporating neighbouring voxels informa-
tion into the classification process to improve its accuracy, and Ruan et al.
(2000) first use a mixture model to define a Gaussian distribution for each
pure and partial volume tissue, and then reclassify the partial volume classes
into the pure ones using a Markov random field and multifractal analysis.
Other studies assume little variation in the probability for the non-pure
tissues between neighbouring voxels, which can be modelled using a Markov
random field. Choi et al. (1991) use a maximum a posteriori estimation of
partial volume voxels in multichannel images, and a method to iteratively
reestimate the mean intensities of each tissue class in each slice, while Pham
and Prince (2000) propose a similar method for single-channel images using a
Bayesian approach which places a prior probability model on the parameters.
Finally, Nocera and Gee (1997) describe a segmentation algorithm which also
uses a maximum a posterior: estimation with an adaptive Bayesian approach,
and takes into account both the partial volume and the shading effect.
Focusing on the LMP computation, several methods have been presented
in the literature. Gangsei et al. (2016) and Jansons et al. (2016) use optical
probes to collect certain variables, which is an efficient method when work-
ing with carcasses, and in Dobrowolski et al. (2004), Judas et al. (2007) and
Font-i-Furnols et al. (2009) data from CT images is analysed using partial
least squared regression, which does not require the classification of voxels
in lean or fat. In this case, volume associated to each HU value is obtained
from CT images and used as predictors in the regression. To build their re-

gression equations, Kremer et al. (2013) and Bernau et al. (2015) use linear
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traits measured by dual energy X-ray absorptiometry (DXA), while Lisiak
et al. (2015) proposes a simpler approach using linear measurements over
the carcass which do not need the use of expensive classification equipment.
Another common method is to use thresholding techniques based on the HU
values (Daumas and Monziols (2011)), and even mixing thresholding tech-
niques with some manual interaction in a semi-automatic method (Bernau
et al. (2015)). Kongsro et al. (2008) have applied a tresholding approach us-
ing lamb meat as well, and Lee et al. (2015) have adopted a similar method
using beef, the latter also using a chemical analysis to compare the results
with the thresholding method. To avoid dealing with the partial volume
effect when using the thresholding techniques, some strategies have been
proposed. In Vester-Christensen et al. (2009) the partial volume effect has
been minimised applying a Bayesian 2D contextual classification scheme to
classify voxels into fat, lean and bone. Differently, in Bardera et al. (2014)
a five-step process which automatically quantifies fat, lean, and bone tissues
from CT scans using a partial volume model based on the one presented by
Van Leemput et al. (2003) is described, and a first validation of the method
considering 10 carcasses is carried out.

The aim of this paper is to evaluate the quantification method presented
in Bardera et al. (2014) considering 146 half carcasses which have been man-
ually dissected after scanning (105 using a partial dissection, and 41 using
a total dissection). The introduction to the method’s pipeline of a new step
which identifies and classifies the animal skin tissue is also analysed. The
obtained results are compared in terms of LMP accuracy and robustness

to data variability, and the importance and need for each step of the new
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pipeline is discussed.

2. Materials and methods

2.1. Carcasses and computed tomography scanning

A total of 146 left half carcasses have been used for this study. From these,
133 carcasses come from two commercial abattoirs and have been selected to
mimic the Spanish pig carcass population in terms of fat thickness, being all
the three sexual types represented. These carcasses also come from several
producers and commercial genotypes. Additionally, 13 carcasses from gilts,
slaughtered at the pilot abattoir placed at IRTA-Monells, have also been used
in this study. These carcasses are from 3 different genotypes as described in
Carabus et al. (2014) and Font-i-Furnols et al. (2015). In total, carcasses
included in this study have a carcass weight of 86.7 4= 8.7 kg, a fat thickness
of 15.7 £+ 3.8 mm measured at 6 cm of the midline between the 3rd and the
4th last ribs, and they are from three sexual types (47% females, 41% entire
males and 12% castrated males). The Commission Delegated Regulation
(EU) 2017/1182 (The European Commission (2017)) established a minimum
of 120 carcasses representative of the population to be involved in a dissection
trial. For this reason, the number and type of carcasses considered in this
work is suitable to be used to evaluate the methodology proposed in this
paper to determine carcass lean meat content.

At 24-48 h post mortem carcasses were CT scanned with a General Elec-
tric HiSpeed Zx/I device placed at IRTA-Monells. Acquisition parameters
were those established by Font-i-Furnols et al. (2009) in carcasses evaluation,

that is, 140 kV, 145 mA, Display Field of View (DFOV) between 460 and 500
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mm, and matrix size 512x512 pixels. Images were acquired helically every
10 mm with pitch 1. Thus, there was not overlapping between images and

all the carcasses were scanned completely.

2.2. Manual dissection

After scanning, carcasses were cut following the Walstra and Merkus
method (Walstra and Merkus (1996)) and dissected by trained butchers.
A total of 105 carcasses were dissected using the partial dissection method-
ology, i.e. the lean from the four main cuts (ham, shoulder, belly and loin)
was manually separated with a knife and weighed. The LMP values were
obtained dividing the weight of the lean of the four main cuts plus the ten-
derloin by the total weight of the four main cuts plus the tenderloin. A
correction factor of 0.89 was applied to obtain the LMP values of the car-
casses from these cuts, according to the European Regulation definition (The
Commission of the European Communities (2008)). The other 41 carcasses
were totally dissected, i.e. the lean of all the 12 cuts was manually obtained
and weighed, and this weight was divided by the weight of the carcass to
obtain the LMP (The Commission of the European Communities (2008)).

2.3. Automatic LMP quantification method based on a partial volume model

The proposed approach to quantify fat, lean and bone from CT carcasses
is an improvement of the method presented in Bardera et al. (2014). We
propose to extend this automatic five-step method with a new step which
detects the animal skin. The six steps are illustrated in Figure 1 and de-

scribed below. For more details see Bardera et al. (2014).
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Figure 1: The six main steps of the proposed approach to compute the LMP values from

pig carcasses CT images.

1. Carcass detection. The pig carcass is detected from the input CT
scans, and other structures of the image such as the scanning table and
the air are removed. Taking into account that the carcass lies over a
cushion which has intensity values similar to those of the air, cropping
the bottom part of the image is enough to remove the table and other
supporting elements. Then, the carcass is only surrounded by voxels
with very low intensities (air and cushion), and it can be detected using

a simple thresholding method.
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2. Image thresholding. A thresholding technique based on the HU val-

ues is applied in order to pre-identify fat, lean and bone tissues. By
default, a value of -100 HU has been defined as a threshold between
air /background and fat, 0 HU between fat and lean, and 120 HU be-
tween lean and bone (Font-i-Furnols et al. (2009)).

. Bone filling. Since the marrow tissue is often confused with fat in the

thresholding step, the marrow surrounded by bone tissue is also con-
sidered as bone. To achieve this result, a binary hole filling operation

is carried out from the 2D bone mask obtained in the previous step.

. Skin detection. Although it represents a little part of the whole

carcass, the skin tissue should not be confused with the lean tissue,
as both tissues have similar HU values. Knowing that the skin is the
outermost tissue, and that the subcutaneous fat separates it from the
lean tissue, a measure to detect the skin voxels is proposed, avoiding by
this way to take them into account when computing the LMP values.
All the voxels with values lying in the HU range of lean tissue are
filtered so that the ones at 3 mm from the background are considered
as skin. The distance is computed using a background binary mask
obtained from the carcass detection in the first step, and a distance
filter which measures the Euclidean distance of each voxel of the mask
to the background. Once the distance is computed, a filtering process is
applied in order to keep only those lean voxels obtained in the second
step whose distance to the background is 3 mm or less, taking into
account the size of a voxel, which in this case approaches 1 mm?®. This is

the new step introduced in the method with respect to the one proposed
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by Bardera et al. (2014).

. Pure class identification and partial volume model. The pure

and partial volume voxels are classified using the partial volume model
without spatial correlation proposed by Van Leemput et al. (2003),
which includes an iterative expectation-maximisation algorithm. In
this case, the input of the method is just the histogram, leading to a
very fast process, and the output is the probability of each intensity
value to belong to the fat, lean or bone tissues. To compute the amount
of voxels for the lean tissue, for example, all the voxels’ probabilities
of belonging to the lean tissue are added up, resulting in the estimated
total number of lean voxels. Thus, a single voxel can contribute to the
sum of different tissues. Figure 2 shows an original CT image and the
partial volume classification of its voxels, including a separate image for
each tissue indicating the probability of each voxel of belonging to it.
Note the partial volume effect between the background and the already
removed skin tissue in the carcass border of the fat voxels classification

image.

10
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Figure 2: Partial volume classification of a particular CT image: (a) original CT image;
(b) pure tissues (probability > 90%, strong colours) and partial volume voxels (50% <
probability < 90%, pale colours), where orange = fat, red = lean, yellow = bone, and purple
= skin (skin is not considered in the partial volume classification); (c, d, e) probability
of each voxel of belonging to the fat, lean and bone tissues, respectively (white = 100%

probability, black = 0% probability).

6. LMP computation. The volume of the lean meat obtained from
the partial volume classification is divided by the volume of the whole
carcass, including all the tissues. The result is the lean meat percentage,
that is, the value of interest. To compute the volume, the corresponding

number of voxels is multiplied by the volume of a single voxel.

2.4. Software implementation

The proposed approach has been implemented using C+-+, Qt, the Insight
Toolkit (ITK) and the Visualisation Toolkit (VTK) libraries as a new module
of the VisualPork software (Bardera et al. (2012)). VisualPork is an in-house

software which supports DICOM standard and THE profiles, integrates image

11



183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

processing techniques, and provides 2D and 3D visualisation functionalities.
It has been developed at the Graphics and Imaging Laboratory (GILAB)
from the University of Girona in collaboration with experts from IRTA-Food

Industries.

2.5. FEvaluation metrics

The goal of the proposed approach is to find a method which is able to
compute the LMP values from a pig carcass, with the purpose of getting a
value as close as possible to the manually computed LMP. Thus, the first
measure to be taken into account when analysing the CT images from the
carcasses is the LMP, which is the ratio of the lean meat voxels to the total.

To compare the virtually obtained LMP values with the manually ob-
tained ones, a correlation between these values is needed. Indeed, this cor-
relation is needed to compare between two different methods, and also to
compare between different ways of using the same method. The coefficient
of determination R? (i.e. the square of the correlation coefficient R) will be
used to analyse the correlations.

Considering the LMP values obtained from the manual dissection as the
true value, the root mean square error of prediction (RMSEP) can also be
computed by means of leave-one-out cross-validation as another measure of
accuracy.

Finally, to determine whether the differences between the correlations of
two different methods are significant, several statistical tests for comparing
two correlations based on dependent groups with overlapping variables can
be applied, being one of the most representative the one proposed by Steiger

(1980). To apply these tests, the tool implemented by Diedenhofen and

12
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Musch (2015) will be used with a significance level of 0.05.

2.6. FExperiments’ description

To evaluate the proposed approach and other related methods, different
experiments have been carried out to determine whether the proposed ap-
proach can be selected as a method of reference to compute the LMP values
of pig carcasses. Each experiment proposes alternatives of the pipeline de-
scribed in Figure 1, and they are compared at least to the manual dissection
results. Figure 3 shows a diagram where the alternatives of the pipeline are
represented, always taking into account the 6 steps from the original pipeline.
The experiments have been designed to evaluate the importance of each one
of these steps. As previously mentioned, two different methodologies have
been used to perform the manual dissection: the partial dissection, and the
total dissection. All the experiments have been executed separately, using a
different set of carcasses for each situation.

Ezperiment 1. In the first experiment, three methods to compute the
LMP values have been compared to the manual dissection, which is consid-
ered as the reference model. These methods include a simple thresholding
segmentation (Gonzalez and Woods (2002)), a thresholding with bone filling
and skin detection, and the proposed partial volume approach. The first
one can be considered as the base method, since only a simple thresholding
segmentation is performed (first to second step of the pipeline represented in
Figure 1, plus the sixth step to compute the LMP value). The second one is
an extension of the base method, applying also a bone filling operation and
the new skin detection step described in Section 2.2 (first to fourth step of
the pipeline, plus the sixth step). Finally, the last method corresponds to

13
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PVSL (1) —{2)—(3 5 —{6) vs. MD WE = Weight estimation DI = Distorted image
I

Figure 3: Steps from the whole pipeline which are part of the different alternatives

analysed in each experiment.

the whole proposed approach, including the application of a partial volume
model. The correlations of the different strategies have been computed to
know which method better approximates the LMP values.

Experiment 2. While the CT scans of pig carcasses provide a good means
to obtain the volume of each tissue by counting the number of voxels, the
LMP values of the manual dissection are based on weights. To simulate
this procedure, a density estimation is needed to compute the weight of the
segmented tissues once the number of voxels of each one is known. However,
the second experiment aims to show that the results of the algorithm are not

improved when the density estimation is applied and the voxels are assigned
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different weights, i.e. when the results take into account the weight, not the
volume. As for the pipeline of this testing method, a new step corresponding
to the weight estimation is included before the sixth step, which refers to the
LMP computation. The model proposed by Vester-Christensen et al. (2009)
has been followed to estimate the tissues’ weights. The correlation between
the weight-based results and the manual dissection has been computed, so
that it can be compared with the results of the previous experiment.

Ezperiment 3. When using thresholds to segment the tissues from a car-
cass, the segmentation of the skin is troublesome, since the skin voxels have
values very similar to the lean voxels’ values. To solve this problem, all the
voxels considered as lean which are at a distance of 3 mm from the back-
ground are considered as skin (see the fourth step of Figure 1). Thus, these
voxels are not computed as lean when obtaining the LMP values, i.e. the
skin tissue is not taken into account in the numerator of the LMP compu-
tation. The third experiment compares the results considering the skin as
lean, i.e. ignoring the fourth step of the pipeline, with the results considering
the skin as a new tissue. The correlation between the results considering the
skin as lean and the manual dissection has been computed, so that it can be
compared with the results of the first experiment, which considers the skin
as a new tissue.

FExperiment 4. The detection of the skin is based on thresholding methods,
and it is performed before the partial volume classification. However, a voxel
may be composed of skin and fat tissues at the same time (see Figure 2¢), so
the partial volume classification could be applied before the skin detection

step. This is exactly the purpose of the fourth experiment, which swaps the
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fourth and the fifth step of the pipeline. Since the partial volume classifi-
cation outputs a tissue probability for each voxel, the probability threshold
has to be defined in order to determine when a skin voxel can be considered
as so. Assuming that the intensity values of skin voxels are similar to those
of lean voxels, the lean tissue probability is taken into account. Hence, a
voxel is considered to belong to the skin tissue when it is at 3 mm from the
background and its probability to belong to the lean tissue is more than the
defined threshold. Three different thresholds have been selected: 0.2 (20%
probability of belonging to the lean tissue), since it is the value which obtains
the best results; 0.5 (50% probability), since it is the more reasonable value
to discern between fat and lean tissues; and 0.8 (80% probability), to include
a more restrictive value. The correlation between the results swapping the
fourth and fifth steps and the manual dissection has been computed, so that
it can be compared with the results of the first experiment, which performs
the skin detection step before the partial volume classification.

Experiment 5. Measurements of the same carcass using CT scanners from
different vendors may show variation because of several factors, including
the convolution kernel, reconstruction artefacts, beam hardening, spectral
energy, and scatter, as well as variations in carcass size, shape, and position
in scanner (Lamba et al. (2014); Mackin et al. (2015)). Moreover, although
the difference is not so significant, measurements using the same scanner can
also show variation (Jacobsen et al. (2016); Symons et al. (2016)). For this
reason, the last experiment modifies the original CT images to simulate this
image variability. Similarly to Bardera et al. (2014), a distortion function

given by HUgeae X value + HUgire has been applied to the values of all CT
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scan voxels, where HU,.,e takes a value randomly generated between 0.97 and
1.03, and HUg,s takes a value between -20 and 20. Note that this distortion
is different for each carcass, but the same for all voxels of the same carcass,
so that noise is not added to the image, but only a global transform that will
modify the histogram with a scaling factor and a shift. To find out which
method best tolerates data variation, the correlation between each method
with distortion and the manual dissection has been computed, as well as the

correlation between the distorted results and the ones without distortion.

3. Results and discussion

In this section, the results of the experiments described in Section 2.5 are
presented and discussed, always discerning between the partial dissection and
the total dissection methodologies. The experiments aim to show how the
proposed approach improves the LMP computation.

The results of the first experiment for the partial dissection methodology
are shown in Figure 4, where the scatter plot between each method and
the manual dissection is represented, and the R? and RMSEP values are
given. The proposed approach (that is, the partial volume method) and the
thresholding with bone filling and skin detection, which is an intermediate
step of the proposed pipeline, clearly get the best results, with no significant
differences between them (see Table 1 for the p-values). Similarly, the results
for the total dissection methodology are shown in Figure 5, where there are no
significant differences between the proposed approach and the thresholding
with bone filling and skin detection either. However, although it has the

lowest one, in this case the simple thresholding method also achieves a high
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correlation, with nearly significant differences with respect to the proposed
approach. As for the computational time, although the code has not been
optimised, the bone filling and skin detection steps take most of the time of
the two last compared methods. On the other hand, the simple thresholding
and the partial volume classification need almost no time, so that the most
efficient method is the simple thresholding (approximately 300 milliseconds),
followed by the thresholding with bone filling and skin detection and the

proposed approach, which take almost 5 seconds.
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Figure 4: Correlation and error between each method and the manual dissection (partial

dissection methodology).
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Figure 5: Correlation and error between each method and the manual dissection (total

dissection methodology).

Dissection Compared

methodology correlations min max  Steiger

PV vs. Th < 0.0001 0.0008 < 0.0001
Partial ---- - - -~ - - - -"-"-"-"-"-"-"-"-"-"-"—"———-----
PV vs. ThBS 0.5161 0.5204 0.5195
PV vs. Th 0.0597 0.0903 0.0616

PV vs. ThBS  0.5978  0.6096  0.6072

Table 1: P-values of the comparison between the methods’ correlations for the partial
and the total dissection methodologies, showing the minimum and the maximum p-value
from all the tests applied, and also the p-value of the Steiger’s test (PV = Partial volume,
Th = Thresholding, ThBS = Thresholding with bone filling and skin detection).

Regarding the second experiment, Figure 6 shows, for the partial dissec-
tion methodology and for each method, the scatter plot between the weight-
based results (i.e. with density estimation) and the manual dissection, and
also the R? and RMSEP values. Similarly, Figure 7 shows it for the total dis-

section methodology. For the thresholding-based methods, and interpreting
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the results for both dissection methodologies, the correlation and the error
lead to believe that the best option is to estimate the density, while for the
proposed approach they suggest that the best option is to take into account
only the volume, not the weight. However, and for the proposed approach,
there are not significant differences for the total dissection methodology, and
only some tests state that there are significant differences for the partial
dissection methodology (see Table 2 for the p-values). Since the density esti-
mation has not been able to obtain a better result for the proposed approach,

it will not be added as a new step of the pipeline.
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Figure 6: Correlation and error between each weight-based method and the manual

dissection (partial dissection methodology).
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Figure 7: Correlation and error between each weight-based method and the manual

dissection (total dissection methodology).

Dissection Compared

methodology correlations min  max Steiger

Partial PVW vs. PV 0.0463 0.0589  0.0501

Total PVW vs. PV 0.4930 0.5036  0.5019

Table 2: P-values of the comparison between the weight-based or volume-based corre-
lations of the proposed approach for the partial and the total dissection methodologies,
showing the minimum and the maximum p-value from all the tests applied, and also the p-
value of the Steiger’s test (PV = Partial volume based on volume, PVW = Partial volume

based on weight).

The third experiment analyses the importance of classifying the skin as
a new tissue in the fourth step of the proposed pipeline. For both dissection
methodologies, Figure 8 shows the scatter plot between the results consid-
ering the skin as lean, i.e. ignoring the fourth step of the pipeline, and the
manual dissection for the proposed approach, and also the R? and RMSEP
values (R? = 0.9016 and RMSEP = 1.1764 for the partial dissection, and R?
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= 0.9467 and RMSEP = 1.2081 for the total dissection). The results con-
sidering the skin as a new tissue, and hence not considering it as lean when
computing the LMP values, i.e. considering all the steps of the pipeline, are
represented in Figure 4c and Figure 5¢ for the partial (R? = 0.9396 and RM-
SEP = 0.9203) and the total (R?* = 0.9726 and RMSEP = 0.8725) dissection
methodologies, respectively. Clearly, the latter are much better and have sig-
nificant differences with respect to the former (see Table 3 for the p-values).
Two reasons can explain this outcome. Firstly, the manual dissection takes
into account the skin, so that it makes sense that detecting the skin in the
segmentation step helps to improve the results. Secondly, some voxels which
are close to the background may have a big uncertainty since it is difficult to
know the tissue where they belong; when assigning some of these voxels to
the skin tissue, the chances of assigning them to a wrong tissue disappear.

Therefore, skin detection can be considered as a necessary step.
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Figure 8: Correlation and error between the results of the proposed approach considering

the skin as lean and the manual dissection (partial and total dissection methodologies).

Dissection Compared ) )
methodology correlations min max  Steiger
Partial PVSL vs. PV < 0.0001 0.0009 0.0001
Total PVSL vs. PV 0.0004 0.0141  0.0013

Table 3: P-values of the comparison between the proposed approach correlations consid-
ering the skin as lean (ignoring the skin detection step) or as a new tissue (considering all
the steps) for the partial and the total dissection methodologies, showing the minimum
and the maximum p-value from all the tests applied, and also the p-value of the Steiger’s
test (PV = Partial volume considering the skin as a new tissue, PVSL = Partial volume

considering the skin as lean).

350 The fourth experiment evaluates the results when applying the skin de-
w0 tection step after the partial volume classification, i.e. swapping the fourth

ss0 - and the fifth step of the pipeline. In this way, every voxel has a certain prob-
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ability of belonging to each tissue, so that a probability threshold is needed
to determine if a voxel belongs to the skin tissue or not. Figure 9 shows,
for the partial dissection methodology and for the proposed approach, the
scatter plot between the results from the swapped pipeline and the manual
dissection for each tested threshold, and also the R? and RMSEP values. Al-
though the correlation is higher when using the original pipeline (R? = 0.9396
and RMSEP = 0.9203), only when the probability threshold is established to
0.8 (R? = 0.9248 and RMSEP = 1.0266) the differences are significant (see
Table 4 for the p-values). Similarly, Figure 10 shows the same comparison
for the total dissection methodology. In this case, the results obtained using
the original pipeline (R? = 0.9726 and RMSEP = (0.8725) are significantly
better than the ones using the swapped pipeline, regardless of the probabil-
ity threshold used (0.2 threshold: R* = 0.9690 and RMSEP = 0.9256; 0.5
threshold: R? = 0.9668 and RMSEP = 0.9570; 0.8 threshold: R? = 0.9570
and RMSEP = 1.0863). Overall, placing the skin detection after the partial
volume classification does not improve the results, and in some situations the

results are worse. Hence, the original pipeline is preferred.
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Figure 9: Correlation and error between the results of the proposed approach using the
swapped pipeline (i.e. applying the skin detection step after the partial volume classifica-
tion) and the manual dissection, taking into account three different probability thresholds,

namely 0.2, 0.5 and 0.8 (partial dissection methodology).
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Figure 10: Correlation and error between the results of the proposed approach using the
swapped pipeline (i.e. applying the skin detection step after the partial volume classifica-
tion) and the manual dissection, taking into account three different probability thresholds,

namely 0.2, 0.5 and 0.8 (total dissection methodology).
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Dissection Compared

methodology correlations min max  Steiger

PV0.2vs. PV 0.1925 0.1995  0.1957

Partial PV0.5vs. PV 0.1130 0.1238  0.1167

PV0.8 vs. PV < 0.0001 0.0011  0.0001

PV0.2vs. PV 0.0029 0.0249  0.0070

Total PV0.5 vs. PV < 0.0001 0.0093  0.0005

PV0.8 vs. PV < 0.0001 0.0040 < 0.0001

Table 4: P-values of the comparison between the correlations of the proposed approach
using the original pipeline or the swapped one (i.e. swapping the fourth and the fifth
step of the pipeline) with three probability thresholds, namely 0.2, 0.5 and 0.8, for the
partial and the total dissection methodologies, showing the minimum and the maximum
p-value from all the tests applied, and also the p-value of the Steiger’s test (PV = Partial
volume; PV0.2, PV0.5 and PV0.8 = Partial volume with swapped pipeline and probability
threshold established to 0.2, 0.5 and 0.8, respectively).

Taking into account the results from the first experiment, the proposed
approach achieves results similar to the ones obtained using an intermediate
step, i.e. the thresholding segmentation with bone filling and skin detection.
However, one of the main goals of the proposed approach, which is analysed
in the last experiment, is to be robust on data variability. Figure 11 shows the
results for the partial dissection methodology, where the scatter plot between
each method with distortion and the manual dissection is represented, and
the R? and RMSEP values are given. Likewise, Figure 12 shows the results
for the total dissection methodology. Furthermore, Figure 13 shows, for
each method, the scatter plot between the distorted results and the ones

without distortion, giving also the R? and RMSEP values. In this case,
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all the carcasses are taken into account, since the values compared in the

correlations are all obtained from the virtual methods, and no differentiation

between manual dissection methodologies is needed. The results show that

the proposed approach (the whole proposed pipeline) is the most robust

method to image variability, obtaining correlation ratios significantly higher

than the thresholding-based methods (see Table 5 for the p-values).
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Figure 12: Correlation between each method with distortion and the manual dissection

(total dissection methodology).

27



Thresholding Th. bone filling & skin Partial volume
|y =0,9819x + 1,3986 *

| R2=0,8816
RMSEP = 2,0884 %

©
a
©
S
~
a

y =0,9791x + 1,276 %
75 R2=0,9125
RMSEP = 1,6310

y =1,0137x - 0,8289
R2=0,9773
RMSEP = 0,6473

®
o

-~
o

~
a
~
o

=2}
a

~
IS)
o
a

LMP from segmentation algorithm (distorted)
LMP from segmentation algorithm (distorted)
LMP from segmentation algorithm (distorted)
f=2]
<3

65 60 .
5 55 a
60 55 o //X
X% 50
55 50 P
50 45 45
50 55 60 65 70 75 80 85 45 50 55 60 65 70 75 80 45 50 55 60 65 70 75

LMP from segmentation algorithm (non-distorted) LMP from segmentation algorithm (non-distorted) LMP from segmentation algorithm (non-distorted)

(a) (b) (c)

Figure 13: Correlation between the distorted results and the ones without distortion for

each method.

Dissection Compared

methodology correlations min max Steiger

PVD vs. ThD < 0.0001 < 0.0001 < 0.0001

Partial @ -- - - - - -"-"-"-"-"-"-"-"-"-"-"—-"-"—-"—-"——-"-"—-"-"-"-"—-~--—-
PVD vs. ThBSD 0.0003 0.0022 0.0004
PVD vs. ThD < 0.0001 0.0055 < 0.0001
Total  ~ --—-——--"—-"-"—-"-"—-"—"-"—-"—"—"—"—"—-"-“"—-"——-"—-—-~-"—-"—-—-~—-—-~—-
PVD vs. ThBSD 0.0029 0.0237 0.0045
None PVD vs. ThD < 0.0001 < 0.0001 < 0.0001

(dist. vs. non-dist.) "~ -~~~ """ -~ " " """ ~-- """ -~ °" " - T T
PVD vs. ThBSD < 0.0001 < 0.0001 < 0.0001

Table 5: P-values of the comparison between the methods’ correlations with distortion
for the partial and the total dissection methodologies, and also between the methods’
correlations with or without distortion, showing the minimum and the maximum p-value
from all the tests applied, and also the p-value of the Steiger’s test (PVD = Partial volume
with distortion, ThD = Thresholding with distortion, ThBSD = Thresholding with bone

filling and skin detection with distortion).

306 To summarise, five main conclusions can be drawn from these five ex-

so7  periments. The first experiment has shown that the results from the whole

28



398

399

400

401

402

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

proposed approach outperform the results from the simple thresholding, and
that they are as acceptable as the ones obtained from a part of the same
pipeline, i.e. the thresholding method with bone filling and skin detection,
so they can both be used indistinctly. From the second experiment, the need
of estimating the tissues’ density could not be demonstrated, so that only the
volume has been taken into account. The convenience to detect the animal
skin has been evaluated in the third experiment, which has determined that
the accuracy of the LMP computation is higher when considering the skin
as a new tissue. The fourth experiment has evaluated the results of applying
the skin detection after the partial volume classification, but there has been
no evidence of improvement, so that the order of the steps has remained the
same. Finally, the fifth experiment has tested the different methods with
distorted images, and the results prove that the proposed approach is much
more robust to data variability than the other thresholding-based methods.

Note that correlation is higher, and RMSEP is lower, when total dissec-
tion is considered instead of partial dissection. This is comprehensible since
the carcasses were totally scanned, and this procedure is more similar to
the total dissection than the partial dissection. In total dissection the lean
of all the cuts of a carcass are separated manually and weighed; hence, the
weight corresponds to the lean of the whole carcass (the same which has
been scanned). In partial dissection, due to the reduction of the number of
pieces to be dissected, the lean separated with a knife comes from the 4 main
cuts and the tenderloin. Because of that, to obtain the LMP value of the
whole carcass it is necessary to apply a scale factor, which was agreed to be

the same for all EU countries (0.89) although there were some differences
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between them. Thus, the use of this factor is a correction, and the LMP
value of the whole carcass is estimated from the lean of the 4 main cuts plus
the tenderloin. Furthermore, because of the way to compute the LMP values
from 4 cuts, the cutting has an important effect on the obtained lean, and
it is known that there are errors due to the cutting, especially in some cuts
(Nissen et al. (2006)), that may affect the accuracy of the LMP prediction.
The cutting errors are not so important in total dissection because all the
cuts are dissected and the total lean is obtained by knife. Probably, scan-
ning directly the main cuts would have given more precise results for partial
dissection, because the scanned cuts would have been the same used in the
prediction. In fact, Font-i-Furnols et al. (2009) showed a lower RMSEP for
the prediction of lean meat content of the carcasses obtained by partial dis-
section when the four main cuts were scanned (0.71%) than when the whole

carcass was scanned (0.82%).

4. Conclusion

In this paper, a six-step pipeline (carcass detection, image thresholding,
bone filling, skin detection, partial volume classification and LMP computa-
tion), which includes a partial volume model and computes the LMP value
of a pig carcass, has been evaluated. The method is based on an already
presented pipeline, which has been extended by adding a new step to detect
the animal skin in the thresholding stage. The method has also been thor-
oughly tested with 146 half carcasses, and compared with a simple threshold-
ing method and a thresholding method with bone filling and skin detection,

which corresponds to an intermediate step of the proposed pipeline (from the
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first to the fourth step). Five experiments have been designed to evaluate
the accuracy and robustness of the method as well as the necessity of every
step of the pipeline. The results of these experiments determine that the
proposed approach is an accurate method to compute the LMP values of pig
carcasses from CT scans, and that it is not as affected by data variability as
the other evaluated methods are.

In the future, we intend to improve the bone tissue model from the ex-
tended method, and apply the proposed approach to live pig CT scans. As
for the latter, some efforts have been made to remove the internal organs
which are present in the live pig CT images, but not required for the LMP
computation (Xiberta et al. (2017)). Finally, the same automatic pipeline
may be used to compute the LMP values of other species which may be of

interest to the breeding companies and the meat industry.
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