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Abstract 
Wireless capsule endoscopy, the gold standard in the screening and diagnosis of small bowel 
diseases, is one of the most recent investigations for gastrointestinal pathology. This examination 
has the advantages of being non-invasive, painless, with a large clinical yield, especially for small 
bowel diseases, but also some disadvantages. The long time necessary for reading and interpreting 
all frames acquired is one of these disadvantages. This inconvenient could be improved through 
different methods by using software applications. In this study we have used a software application 
for texture analysis based on local binary pattern (LBP) operator. This operator detects and 
removes non-informative frames in a first step, then identifies potential lesions. Our study group 
consisted of 33 patients from the Gastroenterology and Hepatology Centre Craiova and from the 
1st Internal Medicine and Gastroenterology Clinic from the Emergency County Hospital of 
Craiova. The patients included in the study have corresponded to our inclusion criteria established. 
The exclusion criteria were represented by the contraindications of the capsule endoscopy. In the 
first phase of the study, we have removed the non-informative frames from the original videos 
obtained, and we have acquired an average reduction of 6.96% from the total number of images. In 
the second phase, using the same LBP operator, we have correctly identified 93.16% of 
telangiectasia lesions. Our study demonstrated that software applications based on LBP operator 
can lead to a shorter analysis time, by reducing the overall frames number, and can also provide 
support in diagnosis. 

Keywords: Wireless capsule endoscopy; Small bowel diseases; Software applications; Local binary 
pattern 

Introduction 

Wireless capsule endoscopy (WCE) is nowadays considered the technique of choice for the 
screening and diagnosis of small bowel pathologies. This method allows the non-invasive study of 
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the entire mucosa of the small bowel, which is difficult to examine by conventional endoscopy and 
radiologic techniques [1-3]. 

Unlike conventional endoscopy, wireless capsule endoscopy is non-invasive, painless, with fewer 
complications for the patient and does not require sedation [1, 4]. Another advantage of wireless 
capsule endoscopy is represented by the large diagnostic yield of WCE for the small bowel 
pathologies.  

The most frequent indication for the small-bowel capsule endoscopy is  obscure gastrointestinal 
bleeding (OGIB). Other clinical indications for this investigation are represented by  iron-deficiency 
anaemia, non stricturing small-bowel Crohn’s disease, suspected / refractory or complicated celiac 
disease, hereditary polyposis syndromes, and small bowel tumours. Some symptoms, such as 
chronic unexplained abdominal pain, chronic diarrhea, significant weight loss, chronic use of non-
steroidal anti-inflammatory drugs, can also be considered clinical indications for the small-bowel 
capsule endoscopy [4-8]. 

Though wireless capsule endoscopy has been established as a standard imaging technique for 
the small-bowel investigation, the presence of food residue, air bubbles and intraluminal fluid can 
impair the diagnosis and screening of the small-bowel pathology. Delayed gastric or small-bowel 
transit time could also represent a limitation for the visualization of the entire mucosa [5]. 

Another important disadvantage of the capsule endoscopy is the fact that it is a time consuming 
procedure. The average time required for the visualization and analysis of the acquired images, up 
to 55.000, ranges from 45 to 120 minutes, depending on the experience of the examiner [2, 6, 8]. 

The software applications developed to aid the reading and interpretation of capsule endoscopy 
videos could improve the required time for this step through various methods, by detecting the 
abnormalities such as bleedings, ulcer and polyps, digestive different organs, intestinal contractions, 
but also by identifying non-informative frames (frames with irrelevant content for the medical 
examination) [2, 9]. This study focused on the analysis of textures present within WCE images, 
initially to remove non-informative images and obtain a smaller number of frames to be analysed 
both by human physicians and software applications. Implicitly, the time spent for the analysis was 
shorter, for both employed methods. Subsequently, the texture analysis was employed to define and 
classify potential lesions present in the WCE videos. 

During the past years, various methods for texture analysis were presented in literature, some of 
them showing great results when applied to medical images. They are mainly based on image 
descriptors extracted from co-occurrence matrices [10], local binary, ternary or quinary patterns 
[11], phase information of local Fourier or wavelet transforms [12]. LBP - Local Binary Pattern - is 
an extensively used operator, either in its basic form, or in enhanced variants, with multiple shapes 
for neighbourhood and encoding calculation, like Multivariate-LBP, Robust-LBP, Completed 
Robust-LBP [13] and others. This paper is based on the classic yet efficient LBP operator for 
detecting different textures present in WCE images. 

Material and Method 

Data Collection and Pre-Processing 

The study group consisted of 33 subjects admitted in the 1st Internal Medicine and   
Gastroenterology Clinic at the Emergency County Hospital of Craiova and in the Gastroenterology 
and Hepatology Centre from Craiova, during 12 months. The patients included in the study group 
have given their informed consent and all clinical investigations have been conducted according to 
the principles expressed in the “Declaration of Helsinki”. 

The inclusion criteria were represented by the small-bowel suspected pathologies, such as occult 
gastrointestinal bleeding, chronic unexplained abdominal pain, chronic diarrhea, suspicion of 
intestinal polyp, Crohn’s disease or suspected tumour pathology, with inconclusive endoscopic and 
serologic investigations prior the capsule ingestion. All the clinical indications were in concordance 
with current guidelines for small-bowel capsule endoscopy [14 – 19]. 

The exclusion criteria were represented by the contraindications of capsule endoscopy, such as 
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history of bowel obstruction, swallowing disorders, pacemaker implantation and pregnancy [4, 5]. 
All 33 subjects underwent small-bowel capsule endoscopy and the recording videos have been 

visualized and analysed also by using software applications. The patients included in the study had 
occult gastrointestinal bleeding, chronic unexplained abdominal pain and diarrhea and some others 
were already known with intestinal tumour surgery, Crohn’s disease or with cancer with unknown 
primitive site. 

Wireless capsule endoscopy system includes a swallowable device of one use, a recording device 
and a computer interface. The device, with a dimension of 26/11 mm and a weight of 3,7 g, 
contains an optic dome, a lens system, light emitting diodes (LED), the CMOS (complementary 
metal oxide silicone) camera module, an application specific integrated circuit (ASIC), and an 
antenna RFID that transmits the images to the electrodes attached to the body. The obtained 
images, over 50.000 images/ recording, are stored on the recording device and visualized after that 
on a computer interface [20-22]. 

Small-bowel capsule endoscopy was performed after the patients have fasted for at least 12 
hours prior to capsule ingestion, and have ingested 2 l of polyethylene glycol solution. The patients 
were allowed to drink liquids 2 hours after the beginning of the procedure and to eat light meals 
after 5 hours. During the procedure we have not encountered incomplete passage incidents. 

The images acquired after the procedure have been visualized and analysed by human 
physicians, and also by using a software application that detected similar textures within WCE 
images. 

Image Descriptors 

The main features that characterize a general image, implicitly a WCE image, may be divided in 
two categories: visual information and semantic information. The visual descriptors most 
commonly include colour, texture and shape. Semantic descriptors reflect textual data that describe 
various regions within an image. Right after acquisition, WCE images are only characterized by 
visual descriptors that may be the subject of image processing techniques. An objective descriptor 
for the entire WCE movie would be invariant to rotation, transformations or light level. LBP 
operator, proposed by Ojala et al. [23], may be used to determine and compute a texture feature 
within a pattern classification system, in order to discriminate between intestinal mucosa and food 
residues / air bubbles. LBP is a mixture of structural and statistical classification methods [24]. The 
basic LBP operator is based on the assumption that texture has two complementary characteristics: 
a pattern and its associated power [25, 26]. 

LBP Design and Methodology 

The texture model comprised within WCE frames is determined based on a LBP code 
computed for each pixel of the image, after a comparison of its grey level against those of its 
neighbouring pixels. Thus, the original image is actually transformed in a matrix of labels, at pixel 
level, that represent the description of the WCE frame at a much lower scale. These labels are 
integer numbers and are subsequently used in image analysis. 

For a circular LPB operator, the neighbourhood of a pixel is represented by a circle of radius R 
with the central point determined by the original pixel - now defined as the central pixel (Figure 1a). 
The neighbour pixels set represent a finite number P of pixels crossed by this neighbourhood and 
evenly spaced on this circle (Figure 1b). 

Therefore, from a mathematical point of view, the notation (P, R) defines the circular 
neighbourhood of a pixel, where R represents the radius of the circular neighbourhood and P 
represents the number of pixels present on the circle with radius R. In case of a monochrome 
image I for which g represents the grey scale value of an arbitrary pixel (x, y), the specific local 
texture (1,2) is defined by the distribution of grey levels for the set of P involved neighbouring 
pixels present on the circumference whose centre is given by pixel (xc, yc): 

)g,...,g,g,g(tT 1p10c   (1) 
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 (a)  (b) 

Figure 1. (a) Neighbourhood defined by a circle with radius R. (b) Central pixel and its P 
associated neighbours, circularly disposed. 

The central pixel (xc, yc) defined in this way may comprise the characteristics of neighbouring 
pixels located on its circumference with radius R. 

))gg(s),gg(s(tT c1Pc0    (2) 

With s(x) as the step function, the LBP operator (3) is defined as follows: 
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For an image I of size X*Y, its general texture is represented by a histogram H (4) build based 
on the computed LBP pattern of each pixel: 
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In order to simplify the computations, we may consider a central pixel gc and its associated set of 

P neighbours gp, 1P,...,1,0p  , disposed in a circular manned and evenly spaced. Then, the 

difference between gc and gp is cpp ggd  . Based on these differences between the central pixel 

and all neighbouring pixels, the local texture may be represented by the difference vector 

]d,...,d,d[D 1P10  . Due to the removal of the central pixel, D is robust to light changes; it is also 

more efficiently used in texture classification than the original image. Each local difference may be 
further more decomposed into two associated components: 

 



















0d,0

0d,1
s

dm

dsigns
,msd

p

p

p
pp

pp

ppp  (5) 

In (5), sp is considered the sign of dp, while mp represents the magnitude of dp. In consequence, 

the difference vector ]d,...,d,d[D 1P10   is decomposed into the sign vector 

]s,...,s,s[SV 1P10   and the magnitude vector ]m,...,m,m[MV 1P10  . 

As an example, the basic LBP operator computed for a 3×3 neighbourhood considers the 
central pixel from the 3×3 block as the central pixel for the computations of other pixels values in 
the matrix. 

The differences between the values of the matrix’s pixels and the value of the central pixel are 
computed, and the values 1 or 0 are stored, corresponding to a positive or negative difference 
(Figure 2 a,b). The LBP code is computed after a multiplication of these results with a 
corresponding weight the summation of these values (results). Since each value is represented on 8 
pixels (due to 8 neighbouring pixels), a total of 28=256 possible different labels are obtained, in 
accordance with the difference between grey levels of the central pixel and other pixels [24]. The 
LBP operator computation is repeated for each pixel in the image; then the results are stored in a 
vector. By the end of this operation, the final vector will contain the occurrences of the 256 labels. 
The histogram of LBP codes computed based on this final vector represents the texture model that 
represents this surface [27]. 
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   (a) 

     (b) 

Figure 2. (a) Original 3x3 block with pixel values, next to the differences between the central pixel 
and the neighbouring pixels. (b) The sign and the magnitude matrices. 

Due to the lack of control in the WCE motion, an invariant operator also robust to image 
rotations is needed. This aspect is accomplished using uniform patterns. The notion of pattern 
uniformity is defined as the number of spatial transitions present within that pattern (meaning 
bitwise 1/0 and 0/1 changes). The mathematical expression of pattern uniformity is given in (6): 

       




 
1P

1p

c1Pcpc0c1PR,P ggsggsggsggs)LBP(U  (6) 

Uniform LBP patterns (
2u

R,PLBP ) present no more than two transitions (U≤2). Patterns like 

11100001 (2 bitwise transitions) or 00000011 (1 bitwise transition) are uniform, while patterns like 
10001001 (4 bitwise transitions) and 10101001 (6 bitwise transitions) are not uniform. The mapping 
from basic LBP operator to uniform patterns implies a different label for each uniform pattern, and 
a single label for other patterns, thus 3)1P(*P   different labels (for P bits) [23]. So, for a LBP 

with P=1 and R=8, there are 58 labels for uniform patterns, and a 59th label for the other patterns 
that are not uniform. The rotation invariance is obtained based on uniformity (7). The use of 
uniform patterns is also recommended for statistical robustness [27]. 
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In summary, LBP determines the local structure in the vicinity of a given pixel (based on a circle 
of radius R around it and P points on its circumference) and codes it with a unique value for each 
specific local structure or pattern. This operator is a preferred statistical and structural option for 
texture analysis, being non-linear and useful for images with different resolutions [29]. The LBP 
operator is one of the most employed texture descriptors, as it identifies the label that best suites its 
neighbourhood, encoding it as a micro-texture. 

Results 

The purpose of our study is to determine the measure in which texture detection using the LBP 
operator is useful in the classification of non-informative frames and various lesions present within 
WCE videos. Thus, we have divided the study into two major phases: the purpose of the first phase 
was to identify the optimum LBP operator that discriminates the texture of intestinal mucosa / 
food residues / air bubbles, then to determine the number of frames detected as non-informative 
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and, implicitly, the volume reduction obtained after their removal; the second phase was based on 
the reduced videos and reproduced the previous steps, performed this time upon normal frames 
(with no lesions present) and lesion frames. 

The experiments relative to the first phase were performed on a set of 344 images comprising 
the above mentioned textures present in WCE images (Figure 3 indicates the categories of textures 
that comprised the first testing set). For all 344 images, we have computed several feature vectors, 
with different LBP operators. The LPB signatures were obtained using Matlab R2011b. The 
subsequent operation was the classification of these feature vectors, based on a supervised K-
Means clustering technique. 67% of the images were used to determine the classifiers, the rest of 
33% being used to test the precision of the classification operation with the Weka application [30]. 
Then, we have repeated the tests using a Support Vector Machine (SVM), for which we have used 
as performance indicator the area below the ROC curve (AUC). Our results are present in the 
following table: 

Table 1. Classification results computed for various LBP operators, with different values of R and 
P parameters 

LBP Operator K-Means SVM 

R=1, P=8, no rotation, non-uniform patterns 82.56 0.853 

R=1, P=8, rotation, non-uniform patterns 90.70 0.885 

R=1, P=8, rotation, uniform patterns 93.90 0.944 

R=2, P=8, no rotation, uniform patterns 89.53 0.906 

R=2, P=16, rotation, uniform patterns 84.59 0.869 

 
The results defined in Table 1 show that the best performance was obtained using a uniform 

LBP operator, with a neighbourhood radius of 1 and 8 pixels sampled on its circumference, for 
both classifiers. However, the non-uniform LBP operator with R=1 and P=8 and the uniform LBP 
operator with R=2 and P=8 also showed good performances (according to the chosen classifier), 
hence, for boosting the performance of the overall classification, a joint operator summing the 
scores obtained according to the SVM classification for all three above mentioned LBP operators 
was defined. This joint operator was subsequently used to analyse the WCE images obtained after 
the investigation of all 33 patients included in our study group, in order to remove those frames 
that presented mostly textures corresponding to food residues and air bubbles, blocking most of 
the intestinal mucosa captured in the image. Figure 3 presents four WCE images and their 
corresponding LBP histograms (the first image represents normal intestinal mucosa; in the 
following 2 images, the intestinal mucosa is mainly covered by food residues and debris; the fourth 
image contains air bubbles). There was no need for histogram normalization, since all WCE images 
had the same size and resolution. 

In order to provide an optimum number of relevant frames to be analysed by human physicians 
and software applications but, in the same time, to ensure that no areas with intestinal mucosa were 
eliminated, we have chosen to remove all WCE images that presented less than 10% intestinal 
mucosa, while the rest was covered by debris and / or bubbles. This action was achieved by 
dividing each non-informative frame in 64 squares and performing an analysing upon each square. 
Subsequently, we have determined the number of non-informative frames to be removed from 
each WCE film included in our study group. The minimum percentage reduction was 4.28% (thus 
95.72% remaining from the initial frames), while the maximum percentage reduction was 10.79% 
(only 89.21% remaining from the initial frames); the average reduction was 6.96% from the total 
number of images. Figure 4 shows a graphical representation of the total number of frames for 
each patient, and the associated percentage of removed images. As it may be observed, there is no 
correlation between the two sets of values. 
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Figure 3. LBP signature for 4 WCE images (normal mucosa and food residues / air bubbles) (.jpg 
type images, size 288x288 pixels, type circular uniform patterns with (R=1,P=8) neighbourhood). 

 

Figure 4. Reduction percentages vs. total number of frames for each patient included in the study 
group 

During the second phase of our study, we have mainly reproduced the previous steps, with two 
major differences: the LBP operator was chosen to discriminate lesions present within the digestive 
tract of the patients included in the study group, and then the overall analysis was performed on the 
reduced WCE videos obtained as the result of the initial phase. Due to the small number of 
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patients with intestinal tumour formations, Crohn’s disease and Celiac disease (Table 2), our 
analysis using the LBP operator was employed only for patients with telangiectasia lesions and 
intestinal polyps. 

Intestinal polyps are benign tumours developed from the enteric mucosa. They represent small 
growths on the inner lining of the gut and rarely become cancerous [31]. Their main feature is the 
round shape, while the texture is very similar to the one of the normal intestinal mucosa. Therefore, 
all LBP operators showed poor results in the detection of their presence. 

Telangiectasia lesions represent one of the most frequent causes of obscure gastrointestinal 
bleeding.  They are venules or tortuous capillaries which, due to their extremely thin walls, can 
cause bleedings [21, 32]. Since they have a specific texture (Figure 5), the LBP operator is suitable 
for their detection within the global WCE image set. 

 

 

Figure 5. LBP signature for a WCE image with telangiectasia lesions. 

From the reduced WCE videos, we have extracted a set of 54 images, one third containing 
telangiectasia lesions and the other 2 thirds representing normal intestinal mucosa. Once again, with 
the SVM classifier, the experiments showed that the uniform LBP operator with a neighbourhood 
radius of 1 and 8 pixels sampled on its circumference best discriminated between the textures 
present in this image set, the second best being the LBP operator with P=2 and R=8; consequently, 
similar to the first phase, we have used them to define a joint operator. 

We have employed this joint operator for the analysis of the entire set of reduced WCE videos, 
obtaining a result of 93.16% correct telangiectasia lesions detection (SVM AUC was 0.924). 

Table 2. Distribution of lesion types within the study group 

Diagnostic 
Number of 

patients 
AUC 

Telangiectasia 9 0.924 

Intestinal polyps 6 <0.150 

Celiac disease 2 - 

Crohn’s disease 1 - 

Intestinal tumoral formation 1 - 

Discussion 

Food residues, debris, air bubbles are best identified by their specific texture, making it suitable 
for LBP analysis. Moreover, LPB is an image descriptor invariant to light changes, which is the case 
of WCE frames. The light needed to acquire proper images is provided by the 6 LEDs located 
circularly in the capsule's dome. However, the capsule is not always positioned perpendicularly to 
the intestinal wall, most of the times facing in fact the intestinal lumen. Therefore, the light 
distribution is uneven throughout the WCE image dataset, the regions close to the capsule being 
more illuminated than the areas located farther away from it [33]. 

LBP is frequently used in the medical imaging field, due to its structural and statistical data 
comprised in histograms. It has provided good results in multiple applications of image processing, 
being employed to determine specific textures within mammography, magnetic resonance or 
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endoscopy images [34-36].  
Our study proved that LBP is also suitable for texture analysis in WCE images, allowing both a 

reduction of the total number of images to be analysed, and also an automatic detection of 
telangiectasia lesions. 

Time reduction in the analysis of WCE videos may be quantitative and qualitative. The time 
reduction in the quantitative analysis of WCE videos is mainly performed by removing two types of 
frames: non-informative frames (either containing debris, bubbles, or presenting too much or too 
little light), and duplicate frames (when the speed of the capsule is very low compared to the 
acquisition rate, thus the video contains sequences of successive almost identical frames). In both 
cases, it is useful to remove those frames before performing a thorough image analysis, in order to 
reduce the overall time spent on the video analysis. Obviously, the number of reduced frames is 
dependent of the content and context of the patient’s digestive tract and it may only be statistically 
enclosed within specific margins. It also depends on the notion of “irrelevant content” for WCE 
frames and the measure in which debris and bubbles cover the mucosa. In our study, we have 
chosen a minimum of 10% visible intestinal mucosa, obtaining thus an average reduction of 6.96% 
of the images to be analysed both by physicians and software applications specific for lesion 
detection. A greater threshold value would lead to a bigger number of frames removed from the 
final WCE videos, but it would also increase the chances to miss a potential lesion present in the 
small area of visible mucosa. In this direction, our future research is focused on the following idea: 
remove entirely the frames with less than 10% visible intestinal mucosa, and for all other frames, 
remove only the irrelevant content leaving the mucosa, in order to interfere as much as possible 
with the lesion detection process. 

Conclusion 

Automatic lesion detection is a process that would help physicians reduce the time spent for the 
WCE images analysis, by indicating specific sections that contain potential lesions. There are 
various processing techniques that either detect or enhance certain properties of an image, thus 
being more precise than the human eye. For very small lesions, or incompletely captured within in a 
frame, or present in a small number of images, so for this type of lesions that may be missed by a 
human examiner, software applications prove very efficient in their detection, increasing the 
accuracy of the diagnosis. In our study, we have obtained good results in performing the automatic 
detection of telangiectasia lesions. Since they are characterized by a specific texture, the LBP 
operator was an optimum choice. In this direction, our future research is focused on adding a 
colour detection component that would further more increase the accuracy of automatic lesion 
detection.  
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