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Abstract 
 

The Iberian pig is an autochthonous animal bred from 
the south-western area of Spain. Dry-cured Iberian ham 
presents a special flavor, which makes it a very worthy 
product among consumers. Its special characteristics are 
mainly due to marbling and fat content.  

Currently, chemical procedure is the only proved way 
to evaluate fat content in Iberian ham. Nevertheless, food 
technology experts believe that marbling, i.e., number 
and size of intramuscular fat streaks, also influences its 
sensorial quality. In this study we focus on the detection 
and contour identification of fat streaks in digital Iberian 
ham images. A statistical study of the proposed methods 
is provided. 
 
1. Introduction 
 

The Iberian pig is an autochthonous animal bred from 
the south-western area of Spain. Its meat is mainly used to 
produce dry-cured products, in particular cured hams. 
These hams are very appreciated by consumers and their 
special characteristics are basically due to high 
intramuscular fat content and marbling. 

Currently, chemical procedure is the only proved way 
to determine fat level of cured Iberian hams. This method 
is tedious, destroying and does not offer any information 
about fat distribution [1]. Nevertheless, some researchers 
have studied a set of dry-cured Iberian hams from pigs 
with different feeding system. Their chemical analysis 
revealed similar fat levels, but hams from pigs fed on 
acorns and pasture obtained better qualifications in a 
sensorial analysis of the samples carried out by trained 
testers [2]. So, ham marbling, i.e. number, position, shape 
and size of intramuscular fat streaks in the ham must 
influence its high sensorial characteristics. Then, the 
design of a new methodology to classify Iberian ham from 
the viewpoint of sensorial quality, independently of the 
subjective and variable criteria of testers, would be of 
great interest. 

Our attempts are to investigate objective physical 
parameters, which can be extracted from the analysis of 
digital Iberian ham images. To achieve this goal, not only 
the detection of fat streaks is important, but also the 

identification of their true contours, in order to calculate 
parameters as the relative size of one streak in relation to 
others, streak shape descriptors, etc. 

Fat streaks can be considered as orientated line 
patterns. Several approaches to line detection have been 
described in the literature [3], [4], [5]. In this study, two 
line extractors at different scales and orientations 
combined with region growing techniques are applied to 
digital Iberian ham images in order to obtain scale-
orientation information that will be used for automatic 
detection and identification of fat streaks. 
 
2. Data 
 

Fifteen Iberian ham slices from the biceps muscle have 
been digitized with a general purpose scanner at spatial 
resolution of 100 pixels per inch and gray-level resolution 
of 8 bits (256 gray levels). The area in pixels of the slices 
ranges from 131.109 to 203.779, i.e. 57 cm2 to 72 cm2. 
All intramuscular fat streaks have been annotated in the 
images by an expert in food technology. The total number 
of streaks annotated per image ranges from 21 to 47 (up to 
454 in the fifteen images) and their areas range from 
5.314 to 20 pixels, i.e. 343 mm2 to 1.3 mm2. 

 
3. Methods 
 

Identification of fat streaks in digital Iberian ham 
images is performed in two steps. Firstly, line extractors 
are applied to the original images at different scales and 
orientations in order to obtain scale-orientation 
information that will be used to generate a set of seed 
regions. Secondly, region growing techniques are locally 
applied to the above seeds. 
 
3.1  Application of line extractors 
 

Two line extractors (called line operator and  
directional morphological operator) have been developed. 
Both work as follows: an LxL kernel, whose active region 
consists of an orientated local line of W pixels width 
passing through the target pixel, is moved across the 
original image, pixel by pixel. The output value assigned 



to the target pixel in the resulting image will depend on 
the operating principle of the line extractor addressed. 

The line operator improves line signal to background 
noise ratio by taking the average gray level of the pixels 
lying on the active region and subtracting the average 
intensity of all the pixels in the locally orientated 
neighborhood.  

The directional morphological operator is based on a 
similar principle to the line operator approach [6]. This 
operator improves line signal to background noise ratio by 
taking the minimum gray level of the pixels lying on the 
active region. The detection proceeds by a series of 
morphological openings using this directional structuring 
element. 

In both cases, line orientation is obtained by applying 
the operator at n directions (8 in our experiment). The 
orientation producing the highest output (i.e. the 
maximum line strength) is taken as the line direction. 
Lines of different widths are detected by applying the 
operators at multiple scales. 
 
3.2  Boundary fitting techniques 

 
Four seeded region growing techniques, based on two 

different principles (region-based approaches and 
boundary-based approaches) are discussed. 

Region-based approaches rely on the postulate that 
neighboring pixels within one region have similar gray-
level. Our region-based algorithm follows a pixel-
aggregation scheme, starting from a seed region and 
examining all its neighboring pixels, incorporating any of 
them that meets a growth acceptance criterion. When new 
pixels are accepted, they are adjoined to the seed region 
and the process is repeated with the resulting new region. 
The growth terminates when no acceptable neighbors 
exist. 

The selection of an appropriate threshold is crucial to 
the success of this algorithm. In the published methods, 
threshold determination is usually based on histogram 
analysis. We have studied three different approaches to 
automatic selection of a threshold from the gray-level 
histogram of the original images: i) Otsu method, based 
on discriminant analysis, ii) Tsai method, based on the 
moment-preserving principle, and iii) Kapur Method, 
based on entropy considerations [7]. 

Boundary-based approaches to region growing rely on 
the postulate that pixel values change rapidly at the edges 
of regions, which can be detected by the application of a 
gradient operator such as the Sobel or Roberts filter. High 
values of the filters provide candidates for region 
boundaries. Nevertheless, these filters fail to produce 
closed contours due to sharp changes in line direction and 
noise. In order to obtain closed contours, a Laplacian of 
Gaussian zero-crossing edge detector is applied to the 
original image. Zero threshold is used to detect all zero-

crossings in the image [8]. The region growing technique 
is performed as follows: every closed contour surrounding 
a seed region is marked as fat streak, and every contour 
with no seed region inside is misestimated. 
 
4. Results 
 

For the purpose of automatic detection of fat streaks, 
the proposed methods have been applied to our database 
of 15 digital images. The results obtained are compared 
by FROC curves [9], where the true positive rate (number 
of correctly detected fat streaks divided by the number of 
annotated streaks) is graphed against the average number 
of false positives (detection of surfaces which are not in 
the image) per image. Different values of the decision 
variable result in different compromises between true and 
false positive values. In our study, ten equidistant 
thresholds falling into the dynamic range of the images 
obtained after processing original images with line 
extractors have been considered. 

We assume that a detected region is counted as true 
positive when both areas (detected and annotated) are at 
least T% pixels overlapped one each other. Several 
criteria have also been introduced with respect to false 
positives counting: i) detected regions smaller than the 
minimum annotated streak (approximately 20 pixels in our 
dataset) are ignored, and ii) regions very close one each 
other (less than 5 pixels) are merged. 
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Figure 1. Comparison of fat streak detection performance for: 
simple thresholding ( ) and original images processed by 
median filters (×), non-directional morphological operators (�), 
directional morphological operators (�) and line operators (♦ ). 

 

Figure 1 shows the results of applying the proposed 
method with line operators and directional morphological 
operators to our dataset of digital Iberian ham images, 
considering T=50%. As the original images present quite 
contrast, other intuitive techniques such as a simple 
thresholding of the original image and processing the 
original image with median filters or non-directional 
morphological operators are also applied in order to 
compare with the proposed approaches. The curves show 
that the line and directional morphological operator 
methods produce results which are much better than the 
results obtained by the other methods. 
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Figure 2. Weighted up comparison of fat streak detection 
performance for: simple thresholding at 50% tolerance (×) and 
line operators at 50% (�), 70% (♦ ), 80% (�) and 90% ( ). 

 

An improved performance is obtained if detection is 
weighted up in relation to the size of the streaks within 
each image. In the gross FROC curve shown in figure 2, 
detected streaks by the line operator are weighted up by 
Ra/Rt, where Ra is the fat streak area in pixels and Rt is the 
summarized area of annotated streaks in the image. Four 
different values of the tolerance variable T, ranging from 
50% to 90%, have been considered (simple thresholding 
at 50% is also addressed for the purpose of comparison). 
The results obtained are significantly better than those 
shown in figure 1. Similar results are obtained when 
directional morphological operators are applied to our 
dataset of images. 

With respect to region growing, classification of 
segmented regions is done in five classes: correct 
detection, over-segmented streak, under-segmented streak, 
missed streak and noise streak [10]. Results for six 
tolerance thresholds, ranging from 50% to 95% (which 
indicates the effect of demanding more accuracy in true 
boundaries detection), are shown in figures 3 and 4. 

 
 

0

5

1 0

1 5

2 0

2 5

3 0

5 0 6 0 7 0 8 0 9 0 1 0 0
C o m p are  to o l to le ra n c e  (% )

A
vg

. c
or

re
ct

 d
et

ec
ti

on
s

 
Figure 3. Average correct detections per image after applying 
the region-growing methods: Otsu (�), Tsai (♦ ), Kapur (�) 
and Laplacian ( ) from the seeds obtained by the line detector, 
on 15 digital Iberian ham images. The ideal case (×) is also 
addressed. 
 

The region growing algorithm with the best global 
performance would obviously be the one with the highest 
scores for the average number of correct detections and 
the lowest value for all the error metrics. After analyzing 
the results shown in figures 3 and 4, some conclusions can 
be made: Otsu method achieves slightly superior overall 
performance than Laplacian method, and the other 
methods present poor performance in our application. 
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Figure 4. Average missed regions, over-segmentations, under-
segmentations and noise regions per image after applying the 
region-growing methods: Otsu (�), Tsai (♦ ), Kapur (�) and 
Laplacian ( ) from the seeds obtained by the line detector, on 
15 digital Iberian ham images. 

 
5. Discussion 
 

Detection performance of two line extractors has been 
evaluated. The sensitivities of both methods are 
comparable and show much better results than other 
intuitive techniques. The gross FROC shown in figure 2 
improves sensitivities without changing the number of 
false positives. From this curve, it can be noted that the 
overall performance of our methods improves 
significantly when detections are weighted up by streak 
sizes. This fact indicates that the largest streaks are always 
detected.  

On the other hand, the number of false positives is a 
priori significant for a given sensitivity. Nevertheless, we 
have experimentally proved that the accumulated area of 
false positives is much smaller than the accumulated area 
of true positives. Also, there is an interval where the 
accumulated areas of false positives and true negatives are 
comparable. This fact can be used to calculate the total fat 
percentage contained in streaks (in pixel units) as the sum 



of true and false positive areas, which will be used to 
evaluate the relative fat content of the largest fat streaks. 
We have also proved that this area is nearly equal to the 
total area of annotated streaks. Both considerations lead to 
conclude that the relative fat content of the largest streaks 
can be estimated. 

Figure 5 shows a quantitative analysis of the sizes of 
all detected, missed, noise, over-segmented and under-
segmented regions after applying the region growing 
technique which presents the best performance (Otsu 
method) at 70% tolerance. Each bin in these graphs 
contains regions whose size is 10% of the maximum 
region, ordered by pixel size. 

21 12 4 8 2 4 4 3 2
0

50

100

150

200

250

300

532 1064 1596 2128 2660 3192 3724 4256 4788 5314
 

0%

20%

40%

60%

80%

100%

532 1064 1596 2128 2660 3192 3724 4256 4788 5314

Detected Missed Noise Over-seg. Under-seg.
 

Figure 5. Number (upper) and rate (lower) of regions within 
each class (correct detections, over-segmentations, under-
segmentations, missed streaks, noise streaks) for Otsu method at 
70% compare tolerance. 
 

The graphs show that missed and noise regions are 
predominantly smaller in size than detected regions. The 
proposed region growing algorithm most often misses 
small regions (on the order of 1000 pixels or less) and 
most of the false positives are also concentrated in the 
lowest bins. It is important to emphasize that the largest 
streaks in the image are correctly classified at this 
intermediate tolerance. This fact can be extrapolated to 
stricter tolerance criteria, which leads us to think that, 
although acceptable shape description is achieved for the 
largest streaks by our methods, the effect of over-
segmentation and noise is still significant for the smallest 
streaks. We also believe that region connectivity 
techniques should be applied in the future to improve 
performance of the evaluated region growing techniques. 

 
6. Conclusions and future work 
 

Two approaches for the detection of fat streaks in 
digital Iberian ham images have been described. Their 
performance is comparable and much better than other 

intuitive techniques. Our methods allow us to estimate the 
relative size of the largest fat streaks, which could be a 
factor to predict Iberian ham sensorial quality.  

Comparison of some published region growing 
techniques for the purpose of fat streak boundary fitting in 
digital Iberian ham images is also presented. The overall 
performance of Otsu method is superior to the other 
methods. Although this method can give acceptable shape 
description of the largest streaks in the image, over-
segmentation and noise effect is significant for the 
smallest streaks. In order to achieve a complete shape 
description of all streaks, additional work is still needed. 
This work will be focused on connecting over-segmented 
regions and decreasing noise detections. 
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