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Abstract - Meat quality assesment is crucial both in cooked ham or raw ham processing plants. A good meat classification system should allow porks of uniform meat to be processed in a uniform way. This would result in a uniform parcel of ham (cooked or raw) and reduce cost and discards.

In this paper we present a classification methodology of fresh pork meat based on computer vision color analysis techniques and fuzzy decision trees. The fuzzy decision trees were used to a) identify the correct positioning on the conveyor belt of the production line, b) classify image pixel as meat, fat, rind or background, c) give an overall score to the ham, after a learning procedure based on human expert ratings.

The discussed methodology has been tested on the field and the obtained classifications have been compared with human experts’ ratings giving interesting results.

1. INTRODUCTION

Meat quality understanding is crucial both in cooked ham or raw ham processing plants [1,2,3]. A good meat classification system should allow porks of uniform meat to be processed in a uniform way. This would result in a uniform parcel of ham (cooked or raw) and reduce cost and discards.

Many methods were proposed to evaluate pork meat quality, including computer surface color and reflectance analysis, automatic internal reflectance analysis by means of fiber-optics, direct muscle pH analysis, etc. (see, for example [4,5]).

Experimental results demonstrate that color is one of the most important factors that determines pork meat quality. Many color-scoring systems have been developed by various research groups to evaluate pork meat quality. However, if implemented, they would require visual inspection of each carcass or primal by a trained individual.

Most consumers rely heavily on the optical parameters of meat to identify superior pork, and because pork meat color is intimately associated with pork meat quality, visual assessment is a plausible mean for monitoring quality in a ham processing and packing plant. A bright-reddish pork is sought as an ideal; some variation of color is normal as can be observed if different muscles of ham are considered. However, the inconsistency of human intervention is not acceptable.

In this work we discuss discuss a non-destructive methodology for monitoring fresh pork meat quality based on color analysis by means of computer vision. The system can learn from human expertise by means of a fuzzy classification methodology. 

The fuzzy decision trees are used to: 

a) identify the correct positioning on the conveyor belt of the production line: the ham can be upright or upside down; 

b) classify image pixel as meat, fat, rind or background;

c)  give an overall score to the ham, after a learning procedure based on human expert ratings.

The main aim of the work is to find a low cost, fast and non destructive method of assessing lean quality through the analysis of simple color visual features. To this purpose we propose the use of the Hue, Saturation and Intensity (HSI) components and the Red, Green and Blue (RGB) components of the image, as features for meat classification.

In the rest of the paper we describe image acquisition and processing, the use of fuzzy decision trees for classification purposes and results obtained. 

 A case study is presented in which such a methodology has been tested on the field. 

2. Image Acquisition and Processing

To isolate lean from the remaining parts of each image (see Figure 1, as an example) three processing stages are performed:

· background suppression

· fat suppression

· computation of color parameters

The first two stages are performed through image thresholding based on simple histogram-analysis techniques [6]. Figures 2 and 3 show the results of the application of background suppression and fat suppression to the image of Fig. 1.

Figure 4 shows the histogram of the blue component of the image of Figure 1, in which two well-separated peaks can be observed, the higher representing background and the lower representing meat.
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Figure 1. Example of ham image.
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Figure 2. Background suppression fromFigure 1.


[image: image3.wmf]
Figure 3. Fat suppression from Figure 2.

Thus, background suppression is performed by detecting the main trough between the two peaks and using the corresponding value as threshold (see Figure 2).

As the lean has a clear red dominant and fat is usually white/yellowish, the red histogram is chosen for analysis. Unfortunately, the separation between the lean and fat classes is not always well defined, and often the bi-modality required by thresholding algorithms is lost (see Figure 5). Fat suppression is improved using, when necessary, Hue the Green values. The fat suppression algorithm is therefore divided into two phases: during the first phase, a threshold is calculated either as a trough point, when the histogram is bi-modal, or as the middle of a flat region, when present. If neither requirements are satisfied, the threshold is set to the average of the values obtained in the previous cases in which it could be detected. However, only pixels whose red component is reasonably distant from the chosen threshold are initially assigned to one of the two classes.
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Figure 4. Histogram of the blue component of the images of Figure 1.

To separate the remaining pixels, a further step is performed, in which a[image: image11.wmf] nearest-neighbor criterion, on the feature plane identified by the Hue and Green color components, is applied. The mean values Gl and Gf of the Green component, and the mean values Hl and Hf of the Hue component are calculated for lean and fat, respectively. Thus, the two centroids (Hl,Gl) and (Hf,Gf) of the distribution of lean and fat on the H-G plane are identified, and each remaining pixel is assigned to the class to the centroid of which the pixel is closer.
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Figure 5. Histogram of the red component of the images of Figure 2.

An example of the result of the fat suppression stage is shown in Figure 3. After isolating meat pixels, a set of color parameters is extracted from the image. The parameters adopted are the mean values of the Hue, Saturation, and Intensity components, along with the mean values of the Red, Green, and Blue components of the image.

3. Data classification

The decision tree based approach, has been used successfully in several practical applications as a machine learning technique [7]. Especially ID3 algorithms [8] have been applied to various classification problems because of their easy implementation and the comprehensibility of the rule set represented by the decision tree. 

The root of the decision tree contains all the training examples. The root node is recursively split with the examples partitioned. At each node, the splitting stops when the node’s examples represents all the same decision or all attributes are used in the path from the root or some other criteria are meet. When a node needs to be further split, one of the attributes not appearing on the current path is selected. The domain values of this attribute are used to label the child nodes.

To select the attribute to partition each node, the maximization of information is often used. The content of information at node N is given by  
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where C is the decision set and  pi is the the probability that the training examples in node represent the decision i. 

ID3-derived rules work well when the input data are accurate. Input features should have symbolic and discrete values. However, ID3-based classifiers often have a poor performance when data are uncertain and noisy. Moreover, due to their symbolic nature, classical decision trees are not well suited for modeling domains containing a large number of continuous-valued features.

If the features and the decision are fuzzy, the fuzzy terms can be used as symbolic features to build a tree structure that maintains a comprehensible interpretation. So all the features are described by numerical values and also the decision becomes a numerical value.

The procedure to build a fuzzy decision tree is similar to that used for classical  ID3 classifiers with a major difference. Events count, wich dsetermine probabilities, are now based on fuzzy measures [9,10,11].

Once the tree is build an inference procedure is need to classify new data. If feastures are symbolic a single path from the root node to the classification leaf is given. 

In the fuzzy decision trees each attribute may be found in more than one path (corresponding to the fact that the value of an attribute may belong to more than one set). So, a number of inference rules may be active at the same time and a procedure to give the decision output is needed. The most commonly used defuzzification technique is the gravity center method where the output is given by
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where (k is the degree of satisfaction of a fuzzy consequent Ck, and (k  and  (k   are the area and the centroid of Ck. 

Fugure 6 shows an example of fuzzy sets to classify events with two attributes x and y. The classification gives a fuzzyfied decision Yes/No. Figure 7 shows an example of decisione tree.
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3.1 Image segmentation
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As we have noted in section 2, about fat supression , it is difficult to distinguish fat from lean using only the red component, because the respective histogram shows two overlapping peaks and a simple thresholding algorithm is not sufficient.

A different pixel classification may be obtained using the values of RGB and HSI for each pixel and constructing a decision tree foreach class background, lean, fat and rind.

To this purpose the six input variables were fuzzified using four sets. Also four fuzzy sets were used for the output variable, representing the four types of decision.

To have a good learning the input fuzzy sets should be carefully defined. In particular  the most sensitive parameter is the Hue. As we have remarked in section 2, the use of Hue parameters improves the threshold-based classification algorithm.
3.2 Identification of ham orientation

Ham can be positioned on the conveyor belt of the production line with the front (the lean face) or the rear (the rind) facing up. In the first case the predominant colours (after background suppression) are that of lean and fat while in the other case the predominant colour is that of  rind. We have used the colour histograms to decide when the ham is in the wrong position and  has to be reversed.

A preliminary analysis of position, amplitude and variance of the of RGB components and of  HSI parameters shows that the important elements for decision are variance of Red and Green components, position and amplitude of the Red component peak, height and amplitude of the Hue peak.

The precision needed in taking a decision is variable for each parameter. So we have used a different number of fuzzy set for each input, in order to simplify the learning procedure and to reduce the size of the decision tree. 

The number of sets required for each parameter is reported in table 1.s

Table 1. Number of fuzzy sets for each attribute

Attribute
Number of fuzzy setss

Variance of Red Component
5

Variance of Green Component 
5

Position of Red peak
3

Amplitude of Red peak
6

Height of Hue peak
5

Amplitude of Hue peak
3

The output variable has two sets corresponding to the decision "upright" or "upside down". A value between 0 and 0.4 is considered upright, between 0.6 and 1 upside down. Values in the 0.4 - 0.6 interval correspond to an uncertain decision. (Figure 8).
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Figure 8. Definition of output sets decision (orientation).

3.3 Ham scoring

The main goal of this work is to classify hams on the basis of the parameters extracted by image analysis, and to learn rules which assign quality scores from the judgement of a human expert. The experts use only the visual appearance of the ham for classification. No justification of their choices or explicit rules are given.

We have employed the fuzzy decision trees to represent the knowledge used by an expert in classyifying hams. In this case the features used in building a tree are the HSI and RGB parameters extracted during the image acquisition and processing phase. The decision is represented by the score given by the expert. 

All parameters are normalized in the range [0,1] and fuzzified with a different number of sets experimentally chosen as the result of a raw clustering of data: seven intervals are used for Hue, Saturation and Blue, six for Intensity and only three for Red and Green. Figure 9 shows, as an example, the fuzzy sets for the values of Intensity.
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Figure 9. The fuzzy sets for the value of Intensity.

The expert score (a number ranging from 2 to 5) is used as the decision output scaled in the [0,1] interval and fuzzified using 3 labels (see Figure 10).
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Figure 10. Fuzzy sets for decision (expert score).

4. Data analysis and results

4.1. Image segmentation 

The training data set, for constructing the fuzzy decision tree for pixel classification, comprised 230 randomly chosen points from 4 images of hams and manually classified as lean or fat. A different image was used to extract a test data set of 60 points. A confusion matrix can represent the results (see Table 2).

Table 2. Confusion Matrix: i=true class, j=extimated class

i / j
B
R
L
F

Background
0.93
0
0.07
0

Rind
0
1
0
0

Lean
0
0.07
0.93
0

Fat
0
0
0.07
0.93

From the diagonal elements we see that 100 % of rind pixels were correctly classified while 93% of background, lean or fat were correctly classified. Off-diagonal elements give the error percentage. For example a 7% of lean was wrongly classified as background.

4.2 Identification of ham orientation 

This technique correctly identifies the orientation in the most cases, as shown in figure 11, for the samples S_15 and S_32. Only for cases in which the images are not good we have an uncertain decision (similar values for the membership values of both the output sets) as for the sample S_7.

[image: image14.wmf]
4.3 Learning ham scoring from a human expert.

The final module provides the quality evaluation learned from the classification made by human experts on color appearance only. The data set comprises 250 images of hams, coming from different breeders (124 Italian hams and 126 coming from abroad). 

When the fuzzy decision trees are used for classification, a good degree of learning is achieved. It is worth noting that foreign hams have usually different color features (for example, they are lighter, thus showing higher intensity and RGB levels). Therefore different data sets require different decision trees.
Figure 10 shows the error distribution. Error was defined as the difference between the score assigned by the “expert” and the defuzzified output obtained by the decision tree.

The mean error for the Italian data set is 0.093 while for the foreign data set the mean error is 0.051.
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Nevertheless, independently of the data set, the trees split the root node using Saturation, which seems the most discriminating parameter. At the second level Blue and Intensity are used (Figure 13).

These results are in good agreement with a preliminary analysis performed using crisp values for the features and a genetic classifier [12].

 Some interesting observations can be made on the relative importance of each component by singularly calculating their sensitivity, specificity and a discrimination index defined as the ratio between sensitivity and the complement of specificity (see Table 3). 

The highest specificity (100% or little less for all data sets), though accompanied by quite a low sensitivity, is by far achieved by the Saturation component. This implies that the positive predictivity (the percentage of cases in which a case classified as "good" has been rated as "good" by the expert as well) is close to 100% and justifies the appearance of such a component at the highest level of the fuzzy trees.

Table 3. Sensitivity (Sn), specificity (Sp) and discrimination index for the six components for data set TSA.


Sn
Sp
Sn/(1-Sp)

H
0.85
0.5
1.81

S
0.40
1.00
(

I
0.95
0.7
3.23

R
0.90
0.65
2.55

G
0.80
0.88
6.80

B
0.70
0.88
5.95

When the fuzzy decision trees are used for classification, a good degree of learning is achieved.

Some rule has a direct and meanigful interpretation. Analyzing the Italian data set two leaves can be found at level 2 of the tree, corresponding to: 

· path:  S= High , I=VeryLow => decision: Low=0 Medium=0 High=0.74

· path:  S= High , I=VeryHigh => decision: Low=0.83 Medium=0 High=0

These leaves correspond to the rules:

· IF Saturation is High AND Intensity is VeryLow THEN decision is High (good)

· IF Saturation is High AND Intensity is VeryHigh THEN decision is Low (defective)

Both rules refer to bright colors (S=High). When the Intensity is VeryLow the Red is dark and the ham is classified as “good” while with a VeryHigh intensity the color is light and the corresponding classification is “defective”. 
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5. Conclusions

The application of  fuzzy decision trees is a simple learning technique that can be used for many pourposes like 

· colour based image segmentation

· detection of ham orientation

· quality assesment by visual inspection.

Colour image analisys is a simple technique if compared with other ones, like NMR spectroscopy, used for example to measure fat in meat [13,14].

Our image segmentation technique based on fuzzy decision tree is simple and fast after the training period. Other soft computing tecniques may require a greatest effort [15].

Moreover the results obtained suggest that computerized color analysis correlates well with human expert evaluation and that, in the long term, automatic procedures guarantee a better repeatability than human ratings.

Compared to the use of colour standard, for example the Japanese color standard or the NCPP standard [16,17] the advantage is that a learning procedure is more flexible and can capture the human expertise of a food processing company.

The measuring equipment is low cost, the algorithms employed are simple and fast. Once the training is completed , the use of decision trees is very fast and can be used for analysis directly on the meat production line. Moreover no human intervention is required. These facts make the method attractive for industrial use.
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Figure 7. A decision tree for data with two attributes x and y and a Yes/No decision. The number of classified events is shown at each node.





Figure 6. Fuzzy set for the attribute x,y and for a Yes/No decision.
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S_32 F=0.1851  R=0.8149





S_7 F=0.5223  R=0.4777





Figure 11. Membership: F = Front (Upright), R = Rear (Upside down)








Figure 12. The distribution of error. (Difference between the expert score and that obtained by the fuzzy decision tree).
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Figure 13. The upper part of the decision tree for the Italian stock.
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