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Abstract:

From a circular economy perspective, feeding livestock with food
leftovers or former foodstuff products (FFPs) could be an effective option
aimed at exploiting food leftover resources and reducing food losses.
FFPs are valuable energy sources, characterized by a beneficial
starch/sugar content, and also fats. However, besides these nutritional
aspects, safety is a key concern given that FFPs are generally derived
from packaged food. Packaging materials, such as plastics and paper,
are not accepted as a feed ingredient which means that residues should
be rigorously avoided. A sensitive and objective detection method is thus
essential for an accurate risk evaluation throughout the former food
production chain. To this end, former food samples were collected in
processing plants of two different European countries and subjected to
multivariate analysis of red, green, and blue (RGB) microscopic images,
in order to evaluate the possible application of this nondestructive
technique for the rapid detection of residual particles from packaging
materials. Multivariate Image Analysis (MIA) was performed on single
images at the pixel level, which essentially consisted in an exploratory
analysis of the image data by means of Principal Component Analysis,
which highlighted the differences between packaging and foodstuff
particles, based on their colour. The whole dataset of images was then
analysed by means of a multivariate data dimensionality reduction
method known as the colourgrams approach, which identified clusters of
images sharing similar features and also highlighted outlier images due
to the presence of packaging particles. The results obtained in this
feasibility study demonstrated that MIA is a promising tool for a rapid
automated method for detecting particles of packaging materials in FFPs.
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Multivariate image analysis for the rapid detection of residues from packaging

remnants in former foodstuff products (FFPs) — a feasibility study

Abstract

From a circular economy perspective, feeding livestock with food leftovers or former foodstuff
products (FFPs) could be an effective option aimed at exploiting food leftover resources and reducing
food losses. FFPs are valuable energy sources, characterized by a beneficial starch/sugar content, and
also fats. However, besides these nutritional aspects, safety is a key concern given that FFPs are
generally derived from packaged food. Packaging materials, such as plastics and paper, are not
accepted as a feed ingredient which means that residues should be rigorously avoided. A sensitive
and objective detection method is thus essential for an accurate risk evaluation throughout the former
food production chain. To this end, former food samples were collected in processing plants of two
different European countries and subjected to multivariate analysis of red, green, and blue (RGB)
microscopic images, in order to evaluate the possible application of this nondestructive technique for
the rapid detection of residual particles from packaging materials. Multivariate Image Analysis (MIA)
was performed on single images at the pixel level, which essentially consisted in an exploratory
analysis of the image data by means of Principal Component Analysis, which highlighted the
differences between packaging and foodstuff particles, based on their colour. The whole dataset of
images was then analysed by means of a multivariate data dimensionality reduction method known
as the colourgrams approach, which identified clusters of images sharing similar features and also
highlighted outlier images due to the presence of packaging particles. The results obtained in this
feasibility study demonstrated that MIA is a promising tool for a rapid automated method for

detecting particles of packaging materials in FFPs.
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1. Introduction

The livestock sector is inevitably going to involve trade-offs between feed security, feed safety,
animal welfare, environmental sustainability and economic development. A common denominator
among many of these issues, which are often politically-sensitive, is sustainability. In fact, converting
losses from the food industry into ingredients for the feed industry, thereby keeping food losses in
the food chain, can be considered a positive cycle that should be implemented worldwide.

Food leftovers or Former Foodstuffs Products (FFPs) are animal feed ingredients consisting of
processed and ready-to-eat food products, no longer suitable for human consumption due to logistical,
manufacturing or packaging defects. Former food products mainly consist of leftovers from the
baking industry (e.g. bread, pasta) and confectionery products (e.g. chocolates, biscuits). Rejected
bread, various biscuit products, high-quality baked goods and confectionary from industrial biscuit
bakeries are dried and consecutively sorted, unpacked, ground and sieved to create suitable
ingredients, which replace some of the existing raw materials in various animal compound feed
(Pinotti et al. 2019; Ottoboni et al. 2019; Tretola et al. 2019a, 2019b). Based on the nutritional facts
reported for humans, FFPs are extremely rich in carbohydrates, and depending on their origin, also
in fats (Giromini et al. 2017). All these factors make FFPs particularly suited to the circular economy:
FFPs represent a way by which convert losses from the food industry into ingredients for the feed
industry (Pinotti et al. 2019).

Although FFPs are nutritious and safe from a microbiological point of view (Tretola et al. 2017a,
2017b), they may generate other safety issues, such as those related to the presence of packaging
remnants. FFPs are un-packaged automatically in order to process a large amount of product. Feed
processors routinely remove the packaging from FFPs mechanically in the feed plant; however,
despite the removal of most of the packaging, small amounts of wrapping materials remain in the
resulting feed. Consequently, a small amount of packaging remnants in the final product (feed)

appears to be unavoidable (Tretola et al. 2017a, 2017b).
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Typical remnant residues in FFPs include paper/paperboard, aluminum foil, and plastics, all of
which can remain as residues in the final product. In Tretola et al. (2019a) paperboard was the most
detected contaminant followed by aluminum foil, and then plastic. Among these, plastics are
becoming extremely important especially when small particles are considered. Microplastics are
usually defined as plastic particles with a size smaller than 5 mm for their largest dimension. In
general, particles with a size equal to 1-2 mm or larger can be visually detected, manually extracted
and quantified based on weight. This procedure has become a daily practice in the monitoring of
former foodstuffs for use in animal feeds (Van Raamsdonk et al. 2020).

However, irrespective of material type, packaging remnants are generally not accepted as a feed
ingredient by several authorities, which prohibit the sale of feedstuffs containing packaging materials
from the agri-food industry. By contrast, some national authorities have indicated that a minimum
percentage of packaging remnants in FFPs is unavoidable and not risky either for animals or humans
(Van Raamsdonk et al. 2011; Van Raamsdonk et al. 2012). From a safety point of view, in most
analysed samples, the presence of these foreign materials is negligible and below the maximum limit
established by some control authorities/bodies (e.g. 0.12% w/w set by the German Federal Ministry
of Food, Agriculture and Consumer Protection) (Pinotti et al. 2019; Tretola et al. 2017a; Tretola et al.
2019a).

In terms of particles dimension, it has been established that remnants normally present in FFPs are
mainly in the > 800 um mesh fraction (Tretola et al., 2017a; van Raamsdonk et al., 2012).
Quantification of particles smaller than 400 um is generally too laborious and, according to van
Raamsdonk et al. (2012), these smaller particles are excluded from the quantification, since their
share in the total weight is insignificant.

A sensitive and objective detection method is therefore essential for tracing and quantifying
packaging remnants in FFPs.

The detection and quantification of packaging remnants in bakery products using a

stereomicroscope was proposed by the RIKILT Institute (Wageningen) (Van Raamsdonk et al. 2011;
5

http://mc.manuscriptcentral.com/tfac Email: fac@tandf.co.uk



Page 7 of 28 Food Additives and Contaminants

93

94

oNOYTULT D WN =

95
10 9¢

97

33 106
107

38 108

39
40 109
41

42 110
43

44
45 111
46

47 112
48

49 113

51
52
53
54 115
55

56 116
57
58
59

60
118

114

117

Van Raamsdonk et al. 2012). Amato et al. (2017) used a similar approach to develop a sensitive
gravimetric method, for routine official controls for the determination of packaging residues in feed.
The two proposed methods can be summarised as follows: (1) visual selection of the undesired
ingredients i.e. remnants of packaging materials; (2) weighing of the selected materials; (3) defatting;
(4) dehydration; (5) final weighing; and (6) reporting of weight and percentage. In both cases however
the methods appear complex, time consuming and analyst sensitive.

In this respect, some of the authors of the present work (Tretola et al. 2017b) used computer sensing
to visualize packaging remnants. The results showed that computer vision, when coupled with a
stereomicroscope for image acquisition, acts a rapid qualitative screening approach to estimate the
presence of foreign materials in food and feed, with little laborious and subjective human visual
involvement (Tretola et al. 2017b). Tretola et al. (2019a) also investigated the use of an electronic
nose (e-Nose) to detect these contaminants in FFPs. The results indicated that an e-Nose can be used
for rapidly screening for the presence of presumed packaging remnants of aluminum, plastics and
paperboard in FFPs, when the food/feed matrix is characterized by low variability (e.g. same
producer, same odor print).

The aim of this work was to assess the potential of Multivariate Image Analysis (MIA) to
automatically detect packaging residues using red, green, and blue (RGB) images of FFP samples
acquired with a stereomicroscope. The most common statistical tool applied in MIA is Principal
Component Analysis (PCA), which highlights similarities and differences among groups of pixels
based on their spectral features (i.e., on their colour for RGB images) (Esbensen et al. 2011; Prats-
Montalban et al. 2011; Geladi et al. 1989).

In practical applications for quality monitoring, a high number of images need to be acquired in order
to calculate robust and reliable models. In this case, it is necessary to consider both within-image and
between-images variability, to properly characterize each single sample and to account at the same
time for the variations between the different samples (Gowen et al. 2011; Duchesne et al. 2016;

Dorrepaal et al. 2016). Therefore, in order to overcome data handling issues, an image-level approach
6
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1

2

2 119 is fundamental, which is based on extracting from each image a feature vector summarizing the
Z 120 information needed for the analysis (Ferrari et al. 2013; Calvini et al. 2016).

7

g 121  The colourgrams method follows this image-level approach and is specifically implemented for the
9

10 122 analysis of RGB images (Antonelli et al. 2004). It converts each RGB image of the dataset into a one-
1

:g 123 dimensional signal, the colourgram, which summarizes the colour features of the corresponding
14

15 124 image. The colourgrams are then collected into a data matrix in which each row corresponds to the

16
17 125  signal derived from a specific image of the dataset. The colourgrams matrix can then be analysed
18

;g 126  using common multivariate statistical methods, e.g. PCA, in order to gain an exploratory overview

1 . . .. . .
55 127 of the whole dataset of images, to identify clusters of images sharing similar features, and to highlight

23
24 128  possible outliers.
25

;? 129  The colourgrams approach has been successfully applied in several case studies above all related to

;g 130  the analysis of food matrices by means of RGB imaging (Ulrici et al. 2012; Orlandi et al. 2018a;
30

31 131 Orlandi et al. 2018b; Giraudo et al. 2018).

32

33132 In the present study, the images of FFP samples were analysed using both the pixel-level and the
34

35
36
37
38 134 particles derived from packaging residues.
39

40 135

41
42
43
44
45137 2.1 FFPs samples and image acquisition

46

47

48 138  Six different commercial samples of FFPs, originating from two European countries, were used
49

g? 139  (Table 1). Three samples (FFPs A, B and D) were obtained from an FFP processing plant in Country

133  image-level approaches, in order evaluate their effectiveness in detecting the presence of possible

136 2. Materials and methods

52

53 140 1, while 3 samples (FFPs C, E, F) were from an FFP processor in Country 2.

54

gg 141 All samples were produced from different food materials, including bakery products, broken biscuits
57

58 142 and chocolates, confectionery products (e.g. croissants, chocolate), surplus bread, rice cakes, salty
59
60 143  snacks, and breakfast cereals. For all the FFP samples, a randomly selected aliquot of 5g was placed

7
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in a large Petri dish (PS @ 90, Colaver, Milan) in a manner to form a single layer. The amount of
former food aliquots to be analysed was chosen based on a previous study, which verified
homogenous distribution of packaging remnants in reduced amount of former food samples (Tretola
et al., 2017a). Specifically, correspondence between packaging remnants levels found in 100 g of an
FFP sample and relative sub-samples of 2 g was verified by Tretola and coworkers (2017a). In order

to increase sampling representativeness, in this study sample quantity was increased to 5g.

Using a stereo microscope (OLYMPUS SZX9), each sample was investigated separately, taking
utmost care in order to avoid any contamination in line with laboratory Standard Operating
Procedures (SOPs) for remnants of packaging materials. For each sample, from 5 to 13 images, with
or without packaging remnants, were acquired using a digital camera (CoolSNAP-Pro cf Color or
AxioCam MRc coupled with a 0.63 port) equipped with an image analysis software (Image-Pro Plus
7.0; Media Cybernetics Inc., Rockville, MD, USA). The pixel size of the acquired RGB images was
equal to 1392 x 1040, corresponding to a surface area of 2.8 x 2.1 mm. Therefore, the size of a single
pixel was equal to 2 x 2 um, which is much smaller than the minimum size of 400 um, as reported

by van Raamsdonk et al. (2012).

2.2 Image analysis

In order to highlight the potential of MIA to gain a preliminary evaluation at the pixel level of the
colour differences between FFP matrices and particles of foreign materials derived from packaging,
one image of sample A containing a plastic piece was analysed by means of PCA.

The key aspect of PCA consists in representing a multivariate dataset with a low number of orthogonal
variables, named principal components (PCs), which are linear combinations of the original variables
(Prats-Montalban et al. 2011; Geladi et al. 1989). The principal components are calculated so that the
first PC (PC1) describes the direction of maximum variance in the data, the second PC (PC2) is
orthogonal to PC1 and accounts for the maximum residual variance (i.e. the variance not described

8
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1
2
2 169 by PCl1), and the same applies for the subsequent PCs. In order to apply PCA to RGB images, the
Z 170  three-dimensional data array composed of m pixel rows, 7 pixel columns and the three RGB channels,
7
g8 171  isunfolded into a bidimensional data matrix with m X n rows, corresponding to the number of pixels
9

10 172 in the image, and three columns corresponding to the RGB values.

g 173 The PCA decomposition of the unfolded RGB image (X) can be expressed as follows:

14

15 174 X=TP"+E (1)
16

17175  where T is the score matrix containing the pixel coordinates in the PCs space, P is the loading matrix
18

;g 176  describing the relevance of the original variables (i.e. the R, G and B channels) in defining the PCs,
21 . . . . .. . .

5> 177 and E denotes the residual matrix accounting for residual variation not included in the model.

23

24 178  In order to recover the spatial structure of the image, the score vector of each PC can be refolded into
25

;? 179  ascore image with the same spatial dimensions as the original RGB image.

28
29
30 . . .

31 181  as multispectral or hyperspectral images, which have more than three channels.

32

33182  Inthis study, PCA was applied both to the RGB image “as is” as well as to the augmented RGB image
34
35
36
37 . . . : . :
38 184  These additional colour parameters include lightness (L), the relative colours (relative Red, relative
39

40 185  Green and relative Blue), and hue (H), saturation (S), and intensity (I) obtained by converting the
41

jé 186  RGB colour space into the HSI colour space.

44 . . . .
45 187 Table 2 gives the complete list of the colour-related parameters, together with the corresponding
46

47 188  equations.

48

49 189 While in RGB images each pixel is characterized by the three R, G and B channels, in the augmented

180  The same approach described for RGB images can also be applied to more complicated images, such

183  that was obtained by considering additional colour-related channels derived from the RGB values.

51
52
53
54 191 10 channels. For both images, PCA was applied considering autoscaling as the data preprocessing
55

56 192  method.

190 RGB image, each pixel is defined by seven parameters in addition to the RGB values, for a total of

57
gg 193  The whole dataset of 43 images was then analysed at the image-level by converting each image into
60

194  the corresponding colourgram. The first step in this conversion consists in the same unfolding

9
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procedure described for the pixel-level analysis. The unfolded RGB matrix is then expanded by
adding further columns containing additional colour-related parameters. These parameters include
the quantities reported in Table 2 and the score vectors obtained by analysing the RGB data matrix
by means of PCA and considering three preprocessing methods (i.e., no preprocessing, mean
centering and autoscaling). For all the variables, the corresponding frequency distribution curves are
calculated, considering the entire range of variability of each single variable and dividing it into 256
bins. Then, for each image the corresponding colourgram is calculated by merging in sequence the
frequency distribution curves of the considered colour-related parameters and by adding, at the end
of the signal, the loading vectors of the PCA models, thereby obtaining a 4900-point long signal.
Further details about the algorithm used to calculate the colourgrams can be found in (Antonelli et al.
2004).

The resulting matrix of colourgrams was then analysed by means of PCA using autoscaling as a signal
preprocessing method. The exploratory analysis of the dataset at the image-level helped to identify
the colour-related features characterizing images of FFP samples with packaging residuals.

The RGB images were converted into the corresponding colourgrams using Colourgrams GUI
(Calvini et al., 2020), a user-friendly interface running under MATLAB (The Mathworks, USA).

Colourgrams GUI is freely downloadable from http://www.chimslab.unimore.it/downloads/. The

PCA models were calculated using PLS Toolbox (ver. 8.5, Eigenvector Research Inc., USA) and

MIA Toolbox (ver. 3.0.4, Eigenvector Research Inc., USA).

3. Results
3.1 Pixel-level analysis
To illustrate the potential of MIA performed at the pixel-level, the image reported in Figure 1 was
analysed by means of PCA. This image represents a former food matrix contaminated with a semi-
opaque plastic residue. Figure 1 also shows the corresponding red, green and blue channels, reported

separately from each other as gray-scale images.
10
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1

2

2 221 The PCA model was calculated considering 2 PCs, accounting for 99.76% of the total variance. In
Z 222 the corresponding PC1-PC2 score plot reported in Figure 2.A, each object represents one pixel of the
7

g8 223 RGB image. In this plot, the objects are coloured according to the score density, i.e. a yellowish
9

10 224 colour corresponds to an area of the PC1-PC2 score space with a high density of pixels, while blue
1

:g 225  indicates an area with a low density of pixels. There are two main clusters of pixels in the figure. A
14

15 226 comparison of the PC1-PC2 score plot with the corresponding score images reported in Figure 2.C-

16

17 227 D reveals that the pixels with positive score values for both PC1 and PC2 are mainly ascribable to the
18

;g 228  piece of plastic. A compact way to simultaneously evaluate the information provided by both PCI
21

55229 and PC2 is reported in Figure 2.E, which shows the composite false-colour image obtained by
23

24 230  superimposing the PC1 and PC2 score images using the red and green channels, respectively.

25

;? 231 The PC1 and PC2 loading vectors, reported in Figure 2.B, show which channels contribute most to
28
29
30 . . . .o, . .

31 233 that the three channels have a comparable contribution in the definition of PC1. Thus, PC1 essentially
32

33234  describes variations of lightness in the image. Conversely, in the PC2 loading vector, the R and B
34
35
36
37
38 236 In addition, the R channel has a negative contribution on PC2, while the B channel has a positive
39

40 237  contribution on PC2. Therefore, compared to the pixels of the FFP matrix, the pixels of the piece of
41

fé 238  plastic generally have higher values in the blue channel and lower values in the red channel, while

232 the separation. The three R, G, and B channels have similar positive loading values on PC1, indicating

235  channels have a high influence on the model, while the G channel has a loading value close to zero.

44 . . .
45 239 the green channel does not seem to contribute much to separating the two components of the image.

46
47 240  In summary, the fact that the plastic residue has high positive scores for both PC1 and PC2, can be
48

49 241 ascribed to its brighter and more bluish colour with respect to the FFP.

51
52
53 . . . . . . .

54 243 this image, we also used PCA on the augmented RGB image. The optimal dimensionality of the PCA
55

56 244  model was 3 PCs and accounted for 98.92% of the total variance. In the PC1-PC3 score space reported
57
58
59
60

242 To better highlight the colour-related differences between the former food and the plastic residue in

245  in Figure 3.A, the pixels of the image are grouped into two main clusters. The pixel cluster lying at

246  positive values of both the PC1 and PC3 score vectors is due to the pixels of the plastic particle. In
11
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fact, the score images of PC1 and PC3 (Figure 3.C and Figure 3.D, respectively) highlight that the
pixels of the plastic residue generally have higher scores than the pixels of the FFP. Figure 3.E reports
the composite false-colour image of the PC1 and PC3 scores, further confirming the differences
between the former food and the plastic residue.

Since the pixels of the plastic particle have high score values for both PC1 and PC3, the colour-related
variables that are the most relevant for detecting the plastic fragment are those with loading
coefficients of the same sign (i.e. positive or negative) on both PC1 and PC3. For example, relative
blue (rB) has positive loading coefficients for both PC1 and PC3, therefore the pixels of the plastic
piece have higher rB values than those of the former food matrix. Conversely, saturation (S) and
relative red (rR) have negative loading coefficients on PC1 and PC3, suggesting that the pixels of the
plastic residue have lower S and rR values than those of the FFP.

In order to confirm the results obtained by PCA, Figure 4.A and Figure 4.B show the gray-scale
images of the rB and S parameters, respectively. The plastic residue has generally higher rB values
and lower saturation values than the food matrix, as previously found by PCA. The presence of the
plastic piece is also much more evident in the rB and S gray-scale images than the images of the
single RGB channels reported in Figure 1. This suggests that considering additional colour-related
parameters better highlights the image features that are not clearly distinguishable from just the R, G
and B values.

The histograms of rB and S are reported in Figure 4.C and Figure 4.D, respectively. In both cases,
the histograms have a bimodal distribution due to the fact that the plastic fragment and the former
food matrix have different rB and S values.

In order to verify whether the two peaks in the rB histogram were due above all to the differences
between plastic and FFP, a reconstructed image was obtained by visualizing in the original RGB
domain only the pixels with rB values higher than 0.24 (i.e., the pixels whose B values fall in the
blue area highlighted in Figure 4.C), while the remaining pixels are represented in black. As shown

in Figure 4.E, the majority of the selected pixels belong to the plastic residual. The same procedure
12
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1

2

2 273 was also carried out for the saturation parameter, and in this case only the pixels with S values lower
Z 274  than 0.45 (gray area in Figure 4.D) are reconstructed in Figure 4.F.

7

8 275

9

10276 3.2 Image-level analysis

1

:g 277  Concerning the image-level analysis of the whole image dataset, PCA was applied to the colourgram
14

15 278  matrix considering 3 PCs, which account for 68.67% of the total variability. In the PC1-PC2 score

16

17 279  plot reported in Figure 5.A, each object represents the colourgram of one image, and the objects are
18

;g 280  coloured according to the corresponding former food sample, while the marker indicates the presence
21 . . . . .

5> 281 and nature of the packaging residues. For a better interpretation of the results, the labels in the score
23

24 282  plot indicate the names of the corresponding images, and the most relevant sample images are also
25

26 283 reported.

27
28
29
30 . .
31 285  of samples A and B. In fact, the former food matrices of sample E have a darker colour, while the
32

33286  former food matrices of samples A and B have a lighter colour.

34

35
36
37 : . : . : . o
38 288  images according to the presence of white packaging residues, which are primarily due to paper and
39

40 289  plastic. In fact, the images with higher PC2 score values included white packaging residues with
41

fé 290  higher dimensions.

284  PCI1 separates the images based on the former food type, from the images of sample E to the images

287  The trend observed along PC2 suggests that this principal component differentiates between the

44
45 291 As shown in the PC2-PC3 score plot in Figure 5.B, one image of sample F shows a particular

46
47 292 behaviour along PC3, with a much higher score than the other images. In fact, this image contains an
48

49 293 aluminium residual with a blue spot, which is not present in the other images with aluminium particles.

51
52
53 . . . .

54 295  measure the distance of the samples from the centre of the model (i.e. the origin of the PC space), and
55

56 296  therefore describe the variation of each sample within the model. Conversely, the Q residual values
57
58
59
60

294 Figure 5.C reports the Hotelling T? values and Q residuals of the PCA model. The Hotelling T? values

297  indicate how much the description of each sample by the PCA model differs from its actual values.
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In other words, samples with high Q residual values show anomalous features, which are not
accounted for by the PCA model.

Figure 5.C highlights three outlier images: Image 3 has a higher Hotelling T? value than the
corresponding 99.7% confidence limit, while Image 50 and Image 32 have Q residuals exceeding the
99.7% confidence limit.

Image 32 has the highest Q residual value, while the corresponding Hotelling T? value falls within
the 95% confidence limit, thus suggesting that this image has particular features that were not
described by the PCA model. In fact, this image shows a red plastic packaging residue, while all the
other images with plastic pieces show white or semi-opaque particles.

In order to evaluate the colour features with the greatest influence on the Q residual value of Image
32, the corresponding contribution plot is shown in Figure 6.A. The colourgram regions with the
highest contributions are related to the relative green, hue and PC2 and PC3 score vectors of the PCA
models calculated with the various preprocessing methods. As in Figure 4, these colour features can
be visualized in the original image domain. For example, considering the rG parameter, the peak in
the Q contribution plot falls within the 1341-1358 colourgram interval (highlighted in green in Figure
6.A), which corresponds to rG values ranging from 0.24 and 0.30. Figure 6.B reports Image 32 in the
original RGB colour domain, while Figure 6.C shows the same sample image in which only the pixels
falling in the rG interval previously selected are displayed and the remaining pixels are represented
in white. The reconstructed pixels are mainly related to the red plastic piece, confirming that the high

Q value of this image is due to the presence of the red packaging residual.

4. Discussion
We investigated the potential of RGB imaging coupled with multivariate image analysis strategies
for detecting packaging remnants in FFPs. Multivariate image analysis was conducted considering

two different approaches: pixel-level analysis and image-level analysis.
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1

2

2 323  The pixel-level approach (Esbensen et al. 2011; Prats-Montalban et al. 2011) mainly focused on
Z 324  characterizing the individual pixels in an image and in grouping pixels that share similar features.
7

g8 325  This approach was tested considering both simple RGB images and augmented RGB images obtained
9

10326 by including additional colour-related parameters in the analysis. The results suggest that including
1

:g 327  additional colour features in the analysis better highlights the differences that are not clearly visible
14

15 328  considering the RGB values alone, in particular when the objects that need to be separated have

16

17 329  similar colours.

18

;g 330  The image-level approach simultaneously compares all the images of the dataset, allowing from tens
21

55 331 up to hundreds of RGB images to be analysed together (Antonelli et al. 2004; Ulrici et al. 2012;
23

24 332 Orlandi et al. 2018a; Orlandi et al. 2018b; Giraudo et al. 2018). The conversion of the RGB images
25

;? 333  into colourgrams (Antonelli et al., 2004), highlighted both groups of images with similar colour-
28
29
30 . . oq. . .

31 335  calculated on the colourgram matrix showed that the first source of variability in the image dataset
32

33336  was related to the different colour of the former food matrices from different samples. This suggests
34
35
36
37 . . . . .
38 338 accurate and reliable results. In this case, it will be necessary to acquire and analyse an adequate
39

40 339  number of samples representative of each former food type.
41

fé 340 PCA also highlighted common trends in images with white residues derived from paper or plastic

334 related features and outlier images, e.g. those containing packaging particles. The PCA model

337  that in practical scenarios, the development of specific models for each FFP type may lead to more

44 . . . . . . .
45 341 packaging materials and to identify images showing particular features due to the presence of

46
47 342 aluminium or differently-coloured plastic remnants.
48

49343  Qutlier images can be easily detected considering the Hotelling T2 values and Q residuals, which can

gz 344  be used to build multivariate control charts or classification models capable of automatically detecting
53 . . .

54 345  images with packaging remnants.

55

56 346 However, RGB imaging only accounts for colour properties of the imaged samples, which is one
57

gg 347  limitation of this technique in the detection of packaging materials in FFPs. In fact, in some cases,
60
348  the packaging residues may be too similar in colour to the FFP particles, making them difficult to
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identify (Tretola et al., 2017a; Tretola et al., 2017b). For example, paperboard is particularly difficult
to differentiate from feed material, making its detection complicated and time consuming.

In order to overcome this issue, the stereomicroscope could be coupled with more advanced imaging
systems capable of detecting light also beyond the visible spectral region, including for example the
near infrared spectral region (Gowen et al., 2011; Ferrari et al., 2013; Dale et al., 2013; Ulrici et al.,
2013; Amigo et al., 2015; Calvini et al., 2016; Vermeulen et al., 2017; Calvini et al., 2018). The
colour features of the samples derived from RGB images could be combined with spectral features
derived from multispectral or hyperspectral images, thus leading to a more comprehensive

characterization of the differences between former food matrices and residues of packaging materials.

5. Conclusions
The present work is a preliminary study focused on the potential of imaging methods applied to feed
and food safety. Identifying packaging remnants in former food products is important in ensuring the
safety of FFPs used as feed ingredients. Generally, control procedures for the determination of
packaging residues in feed are based on the visual inspection and manual selection of undesirable
contaminant materials.
To overcome the drawbacks of these procedures, we have explored the feasibility of using RGB
imaging as a rapid and non-destructive tool for the automated detection of packaging particles in FFPs.
In this paper, we have assessed the various features of this technique, together with the challenges
related to the application of image analysis strategies.
The preliminary results obtained in this study demonstrate the potential of the proposed approach, in
particular when the colour of the undesirable packaging residues can be differentiated from the colour
of the ex-food matrix.
In order to develop more robust and sensitive models, we plan to increase the size of the image dataset

by acquiring a higher number of images representative of each FFP type.
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Figure 1. RGB image of a sample contaminated with a plastic residue and gray-scale images of the
corresponding red, green and blue channels.
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27 image and in E: false-colour PC1-PC2 score image.

295x166mm (96 x 96 DPI)

60 http://mc.manuscriptcentral.com/tfac Email: fac@tandf.co.uk



oNOYTULT D WN =

Food Additives and Contaminants

Scores on PC3 (9.40%)

W FC 1 (74.44%)
I FC 3 (9.40%)

Scores on PC1 (74.44%)

Image of Scores on PC1 (74.44%)

Image of Scores on PC3 (9.40%)
Akl

b
a2

Figure 3. Results of the PCA model calculated on the augmented RGB image of a former food sample with a
plastic residue. In A: PC1 - PC3 score plot; in B: PC1 - PC3 loading plot; in C: PC1 score image; in D: PC3

score image and in E: false-colour PC1-PC3 score image.

317x189mm (96 x 96 DPI)

http://mc.manuscriptcentral.com/tfac Email: fac@tandf.co.uk

Page 24 of 28



Page 25 of 28 Food Additives and Contaminants

Image of rB Reconstructed image

oNOYTULT D WN =

o 0 02 04 06 08 1
Relative Blue

08 0.015

o
o

Frequency

0.005

0 0.2 0.4 06 08 1
21 Saturation

Figure 4. Gray-scale images of relative blue (A) and saturation (B); frequency distribution curves of relative
blue (C) and saturation (D); images reconstructed using the selected features of relative blue (E) and
25 saturation (F).

27 293x150mm (96 x 96 DPI)

60 http://mc.manuscriptcentral.com/tfac Email: fac@tandf.co.uk



oNOYTULT D WN =

Image 50 100
50
45
) %6
& .
Image 46 E
b o4
] a2
S 48
5 4 LT
8 " 217 27
S obmmmm e e @23 J—
& 53 2181090 b
Image 14 5261 g w4
b ¥ 7
49 uis iz s +16
vl 1850
+14
50 " . "
-80 -60 40 - 20 40 60
Scores on PC1 (34 95%)
120
3
100
80
3
2
s €0
g
B P
<
&
@
e 20
S +8°7 50
) 4
@ 4847, g&j o VS —
hL 5 "#K T4T4E " caq 4544
]
20 ! FOTR -
i
L

O

Results of the PCA model calculated on the colourgrams matrix. In A: PC1-PC2 score plot; in B: PC2-PC3

http://mc.manuscriptcentral.com/tfac Email: fac@tandf.co.uk

Food Additives and Contaminants

100

Q Residuals (31.33%)

95% confidence limit

Sample
Bp Bg B
Bp O OF

15 20 25 30
Hoteling T2 (68.67%)

35 40

Contaminant

+ No contamination
0O Paper

O Aluminum
A Plastic

Image 26
AT

score plot; in C: Hotelling T2 and Q residuals plot.

89x159mm (300 x 300 DPI)

Page 26 of 28



Page 27 of 28

oNOYTULT D WN =

Q Residual Contribution of Image 32

Q residual contribution plot of Image 32 (A), original Image 32(B), and Image 32 reconstructed using the

-6
0

Food Additives and Contaminants

e

R G B

L

rR

rG

B H

S

S1 52 S3 S1 S2 S3 S1 S2 S3|

R

R

RIMIM\MIAIA\AI

256 512 768

1024 1280 1536 1792 2048 2304 2560 2816 3072 3328 3584 3840 4006 4352 4608 4864

Colourgram Variables

selected features (C).

87x62mm (300 x 300 DPI)

http://mc.manuscriptcentral.com/tfac Email: fac@tandf.co.uk



oNOYTULT D WN =

Food Additives and Contaminants

Page 28 of 28

Table 1. Summary of the FFP samples considered in this study and corresponding number of acquired

images.
Main food Images Images Images Images with
o
S;;nnl:le OTf(;ItI?ZII nes product with no with plastic = with paper | aluminum
g types residues residues residues residues

A 6 confectionery ) 1 1 )
products

B 6 confectionery 3 1 0 )
products

C 5 confectionery 3 1 1 0
products

baked goods
D 5 and 2 1 2 0
confectionery

products

E 13 confectionery 1 3 9 0
products

F 8 baking 4 1 1 2
industry

Total 43 15 8 14 6
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Table 2. Colour-related parameters used to calculate the augmented RGB image.

oNOYTULT D WN =

Name Abbreviation Equation

10 Lightness L L=R+G+B

12 Relative Red R rR=R/L

14 Relative Green G tG=G/L

Relative Blue B rB=B/L

19 Hue H Value ranging from 0 to 1, corresponding to a colour
20 transition from red to orange, yellow, green, cyan, blue,
21 magenta, and finally back to red.

23 Saturation S S =[max(R, G, B) - min(R, G, B)] / max(R, G, B)

25 Intensity I I=max(R, G, B)
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