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Estimation of the tissue composition of bellies by a magnetic induction scanner (#491)
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Introduction

The objective of the study was to develop models and assess the estimation
error of bellies composition using a magnetic induction device.

Magnetic induction, which principle takes advantage of the dielectric prop-
erties of tissues, was successfully tested by Swan et al. (2001) on bellies,
hams and shoulders. Simoncini et al. (2012) estimated fat and muscle com-
position of hams with a more recent device. In the following, we draw con-
clusions based on experimental data on the extent to which such a device
can be used to grade bellies.

Methods

In a meat plant 80 bellies were selected based on a visual evaluation of their
fatness level. For each of the four fatness levels (E, 1, 2, 3, from the leanest to
the fattest) 20 bellies were selected.

The bellies were analysed by a magnetic induction scanner, called HAM-In-
spector II™, which was developed by Lenz Instruments S.L. (Barcelona,
Spain). For each belly, the output described the magnetic induction signal
along the cut.

The day after, the bellies were weighed and scanned by an X-ray tomograph
(CT) used as a reference method for tissue composition. The CT images
were segmented according to the procedure developed by Daumas and
Monziols (2011) to calculate the weights and proportions of muscle and fat
tissues.

For each of these four dependent variables a regression model was fitted
based on the cut's weight, some standard geometrical parameters of the
magnetic induction signal (maximum amplitude, area under the signal),
and shape parameters extracted from a B-spline decomposition of the nor-
malised (same length and maximal amplitude) magnetic induction signals.
In addition, based on the same profile of explanatory variables, a classifica-
tion model for the fatness level of bellies was developed using a multinomial
logistic regression.

Statistical analyses were performed with the R software (R Core Team, 2018).

Results
The means, standard deviations, and extreme values for tissues weights and

proportions in bellies are shown in Table 1.

Table 1 - Summary statistics of bellies composition (n = 80)

Dependent Vari- | Mean Standard Devia- | Minimum Maximum
able tion
Muscle weight, g | 3816 457 2568 4757
Fat weight, g 2835 815 1263 4584
L\//Iuscle content, | 55.6 6.45 42.8 67.0

]
Fat content, % 39.9 5.79 30.0 517

Model selection procedures aiming at the minimization of the Bayesian
Information Criterion lead to models including four to six explanatory vari-
ables. Among these variables there were one or two shape parameters of
the normalised curves (Table 2). The highest adjusted coefficient of determi-
nation (Adj. R% = 0.94) was achieved for the fat weight. The other adjusted R?
ranged from 0.76 to 0.80, which was partly due to non-optimal measurement
conditions.

Similarly, the model established by Swan et al. (2001) accounted for 78% of
the variance in muscle weight.

Table 2 - Summary statistics for best fit models for the assessment of
bellies composition (n = 80)

Dependent variable Explanatory variables ® | Adjusted R? Residual Standard De-
viation

Muscle weight, g W, 1/W, P, A, B14, B15 0.78 214

Fat weight, g W, 1/W, A, B14 0.94 207

Muscle content, % \é\1,51/W, P/W, A/W, B14, | 0.80 2.89

Fat content, % W, 1/W, A, B14 0.76 2.84

P W: belly weight, P: maximum amplitude, A: area under the signal, B14 and B15:
shape factors.

As an example, the scatterplot of “fitted vs observed response values” is
shown for the percentage of belly fat in Figure 1.

Bellies classification performance results are summarized in Table 3. The
overall rate of well ranking was 88%.

Table 3 - Confusion matrix for the classification model @

Estimated class

Observed class E 1 2 3
E 95% 5% 0% 0%
1 5% 95% 0% 0%
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2 5% 15% 75% 5%

3 0% 0% 15% 85%

@ From class E (the leanest) to class 3 (the fattest).

Conclusion

Models for belly composition using a magnetic induction scanner were
found to be more accurate for muscle and fat weights than for muscle and
fat contents. Shape parameters deduced from a spline approximation of the
magnetic induction signals have been found to be insightful explanatory
variables.

These first results are promising for further use of magnetic induction devic-
es to grade bellies, and possibly other cuts.
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Figure 1. Fat content (in %) in belly: adjusted (magnetic induction)
vs observed (X-Ray tomography)
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