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A B S T R A C T   

Wireless capsule endoscopy (WCE) is a video technology to inspect abnormalities, like bleeding in the gastro
intestinal tract. In order to avoid a complex and long duration manual review process, automatic bleeding 
detection schemes are developed that mainly utilize features extracted from WCE images. In feature-based 
bleeding detection schemes, either global features are used which produce averaged characteristics ignoring 
the effect of smaller bleeding regions or local features are utilized that cause large feature dimension. In this 
paper, pixels of interest (POI) in a given WCE image are determined using a linear separation scheme, local 
spatial features are then extracted from the POI and finally, a suitable characteristic probability density function 
(PDF) is fitted over the resulting feature space. The proposed PDF model fitting based approach not only reduces 
the computational complexity but also offers more consistent representation of a class. Details analysis are 
carried out to find the best suitable PDF and it is found that fitting of Rayleigh PDF model to the local spatial 
features is best suited for bleeding detection. For the purpose of classification, the fitted PDF parameters are used 
as features in the supervised support vector machine classifier. Pixels residing in the close vicinity of the POI are 
further classified with the help of an unsupervised clustering-based scheme to extract more precise bleeding 
regions. A large number of WCE images obtained from 30 publicly available WCE videos are used for perfor
mance evaluation of the proposed scheme and the effects on classification performance due to the changes in PDF 
models, block statistics, color spaces, and classifiers are experimentally analyzed. The proposed scheme shows 
satisfactory performance in terms of sensitivity (97.55%), specificity (96.59%) and accuracy (96.77%) and the 
results obtained by the proposed method outperforms the results reported for some state-of-the-art methods.   

1. Introduction 

Detecting abnormalities like bleeding in the gastrointestinal (GI) 
tract via manual inspection of wireless capsule endoscopy (WCE) videos 
requires a substantial amount of time [1–4]. Therefore, automatic 
bleeding detection from WCE videos has received great attention from 
researchers for its clinical importance [5,6]. In this regard, many 
computer-aided bleeding detection techniques are available in the 
literature based on pixel-level or block-level statistics. The suspected 
blood indicator (SBI) is reported to be one of the first attempts to detect 
WCE bleeding images with moderate accuracy although it does not 
achieve the main goal of reduced interpretation time [7–9]. In Ref. [10], 
a region growing based bleeding detection method is proposed utilizing 
some statistical features, where a major limitation is the necessity for 
manual identification of a bleeding region at the beginning. In Ref. [11], 
a probabilistic neural network is employed for bleeding detection based 

on the features extracted from pixel intensity values. In Refs. [12,13], to 
detect bleeding, features are extracted from salient points. Instead of 
directly using pixel-level operations, in Refs. [14–16], block-based 
bleeding detection methods are proposed. In Refs. [17–19], deep 
learning based schemes are implemented for bleeding detection. In the 
model proposed by Ref. [20], the training requires high computational 
scope and a huge computation time to get the trained model. Moreover, 
a large number of images are required for training purposes. However, 
in medical image analysis, a good number of images may not become 
available for training [21]. Recently, therefore, in Ref. [22], differential 
cluster-based features are extracted, and in Ref. [23], an adaptive 
locality-constrained linear coding scheme is employed for feature-based 
abnormality detection. In many of these methods, due to considering the 
whole image, quality features may not be obtained for images having 
small bleeding zones. In addition, this involves huge computational 
burden. One possible solution is to extract features from a preliminary 
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selection of pixels of interest (POI). In this regard, a precise extraction of 
POI can ensure better features for classification. In Ref. [24], a criteria is 
proposed for initial POI selection before extracting the feature. Alter
natively, histogram-based features are widely used for bleeding detec
tion [25–28]. In the case of histogram-based approaches, the 
performance depends on the number of bins chosen, and it can be 
difficult to choose an optimum bin number in a real-life implementation. 
Many of these methods involve large feature dimensions. In Refs. [29, 
30], principal component analysis (PCA) based schemes are introduced 
to reduce the feature dimension. However, while a histogram represents 
the feature variation, it cannot directly provide parameterization of the 
variation pattern, but the use of a probability density function (PDF) 
fitted on local features can capture the inherent variation pattern more 
precisely. After successfully detecting bleeding images from WCE 
videos, an automatic and precise bleeding zone identification in that 
image is an essential and challenging task, but it can provide numerous 
aids for physicians, such as quick visualization of the bleeding regions 
and exploration of the consecutive changes of bleeding characteristics in 
consecutive images of WCE video. To address this issue, in Refs. [24,26], 
methods are proposed for automatic bleeding region identification from 
WCE bleeding images. However, developing a precise bleeding zone 
localization scheme for real-time implementation is still a challenge. 
Hence, a unified method that can detect bleeding images utilizing the 
inherent feature variation pattern and, at the same time, extract 
bleeding regions in real time is still in great demand. 

The objectives of this paper are to develop an efficient scheme based 
on characteristic PDF fitting of POI statistics for detecting bleeding im
ages and to propose a cluster-based approach for precisely extracting the 
corresponding bleeding regions. First, a linear separation scheme is 
employed for extracting the precise POI. Next, surrounding blocks of all 
POI are considered to compute the local spatial features such as mean, 
median, mode, minimum, and maximum (later termed POI statistics) in 
R, G, and B planes. Unlike conventional methods, instead of directly 
using the POI statistics or their histograms as features, we propose to fit a 
characteristic PDF suitable for modeling the spatial feature variation 
patterns. Such a PDF model fitting based approach can offer very low 
feature dimensions with a more consistent class representation. To the 
best of our knowledge, none of the reported computer-aided bleeding 
detection schemes utilize the feature variation pattern by fitting a PDF. 
After that, the characteristic parameters of the fitted PDF are used as 
features for bleeding frame classification using a support vector machine 
(SVM) classifier. Later, from the detected bleeding images, a K-means 
clustering-based scheme is proposed using the characteristic local fea
tures of critical pixels, residing just outside the boundary region formed 
by POI, to classify the critical pixels for extracting precise bleeding re
gions. Classification performance is tested on a publicly available WCE 
video database. Finally, the bleeding detection scheme is analyzed for 
performance evaluation in continuous WCE videos. 

The rest of the paper is organized as follows. Section 2 is the mate
rials and methodology section, where Section 2.2 presents the proposed 
bleeding image detection technique, and in Section 2.3, the proposed 
bleeding zone localization scheme is described in detail. Section 3 de
scribes the results of the proposed scheme with performance compari
sons. Concluding remarks are presented in Section 4. 

2. Materials and methodology 

2.1. Dataset 

In this work, 30 WCE videos are collected from the widely used 
database available in Ref. [31]. Images in bleeding videos are manually 
commented as bleeding or non-bleeding by expert physicians. For 
bleeding image detection, 2350 WCE images are extracted from the 
videos, where 450 show signs of bleeding, and the rest of them are 
non-bleeding images. Examples of some WCE bleeding and non-bleeding 
images are shown in Fig. 1. Fig. 1 (a) and 1(b) represent the WCE 

bleeding images, whereas Fig. 1(c) and (d) represent the non-bleeding 
images. The initial RGB image size is 576� 576 pixels. After discard
ing the square-shaped black pixels, the image size becomes 512� 512. 
Next, the information bearing region is obtained by removing the corner 
black pixels. First, for all experiments, the preprocessing technique is 
applied to each given WCE image. 

2.2. Proposed bleeding image detection scheme 

The steps involved in detecting bleeding images from WCE videos are 
as follows: extraction of POI in a WCE image, computation of POI sta
tistics, fitting of POI statistics with a suitable PDF, proposed feature 
extraction from the fitted PDF, and classification with the SVM classifier. 
Fig. 2 illustrates the steps in bleeding frame detection. 

2.2.1. Extraction of local spatial features from pixels of interest (POI) 
In a given square-shaped WCE image, the central information 

bearing circular region is surrounded by undesired peripheral black 
pixels, as demonstrated in Fig. 1. Therefore, a preprocessing scheme is 
employed by discarding all the surrounding black pixels. Next, the 
descriptive features from a preprocessed WCE image (denoted by I) need 
to be extracted for classifying the bleeding and non-bleeding images. 
However, in many bleeding detection algorithms, the features are 
extracted from the whole image [22,23,26]. Bleeding regions in 
bleeding images are present in varying shapes and sizes and are absent in 
non-bleeding images. The feature quality for bleeding image detection 
degrades if features are extracted from the whole bleeding image having 
large non-bleeding regions. Hence, instead of considering the whole 
image, in Ref. [24], some preliminary bleeding-like pixels are selected 
for better distinguishable feature extraction and for involving less 
computational burden. Therefore, in this paper, preliminary POI are 
selected for feature extraction rather than utilizing the whole image. Let 
R, G, and B be the red, green, and blue color channels of image I. The POI 
selection scheme employed here is as follows: 

SPOI ¼ fði; jÞjRði; jÞ � m� Bði; jÞg\
fði; jÞjRði; jÞ � n� Gði; jÞg; (1)  

where SPOI is the set of POI in image I, and ði; jÞ is the coordinate of a 
pixel. This linear POI extraction criteria is simple but fast and efficient in 
terms of extracting the bleeding-like pixels as mentioned in Ref. [24]. 
The appropriate values of m and n are obtained after experimenting with 
various m and n values on the proposed bleeding image detection al
gorithm. S’POI ¼ I � SPOI is the set of coordinates which are not selected 
as POI in image I. 

Fig. 3 illustrates the POI extraction procedure. Fig. 3(a) and (c) 
represent, respectively, a preprocessed bleeding image and a non- 
bleeding image, whereas the extracted POI (using m ¼ 3:25 and n ¼
2:25) of the corresponding images are demonstrated in Fig. 3(b) and (d), 
respectively. However, the extracted POI do not guarantee the classifi
cation of a test image. For example, even for a non-bleeding image, small 
or scattered pixels may be selected because of the presence of bleeding- 
like pixels. Therefore, in order to determine whether an image is 
bleeding or not, features must be extracted from the selected POI. Next, 
to extract the characteristic local spatial features from POI (termed “POI 
statistics”), the surrounding blocks of POI are considered. For extracting 
the POI statistics, different features, such as mean, maximum, mode, 
minimum, and median values of the surrounding blocks of the POI are 
calculated at R, G, and B planes. For example, xRMean is a vector consisting 
of the mean values of blocks surrounding 8ði; jÞ 2 SPOI at R plane, and so 
on. 

2.2.2. Proposed probability density function (PDF) fitting based feature 
extraction 

The performance of a bleeding detection scheme depends on the 
quality of extracted features. In capsule endoscopy, to distinguish 
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bleeding and non-bleeding images from color information, one can use 
the extracted POI statistics or their histogram bin frequencies as fea
tures. In the case of histogram based features, the feature dimension will 
be very high. Again, the histogram represents the frequency variation 
pattern of POI statistics but cannot directly provide parameterization of 
the inherent variation pattern. Therefore, to reduce the feature dimen
sion and to extract the characteristic nature of different POI statistics, 

the frequency variation profiles of POI statistics can be utilized. In this 
way, only a few characteristic representations of the frequency variation 
patterns can represent the whole nature of the image, which can lead to 
better classification performance. Hence, it is expected that the use of 
different PDFs to describe the expected variation pattern of POI statistics 
should help to extract quality features for classifying bleeding and non- 
bleeding images. Here, the PDF fitting refers to the development of 
analytic representation for explaining the distribution of POI statistics in 
an image. Therefore, in this paper, we propose to fit a characteristic PDF 
suitable for modeling each of the POI statistics. Such a PDF fitting based 
bleeding detection scheme has several advantages. 

� First, it offers a very low feature dimension in comparison to histo
gram based approaches, where all bin frequencies are used as 
features.  
� Second, in histogram-based approaches, the performance of the 

method is uncertain as it depends on the number of bins, and it is 
difficult to choose an optimum bin number in a real-life imple
mentation. However, in a PDF fitting-based approach, only a few 
fitted parameters are extracted, which can capture the inherent 
variation pattern of the POI statistics with a consistent class 
representation. 

Finally, the characteristic parameters of the fitted PDF are used for 
bleeding frame classification, which greatly reduces the computational 
cost. The PDF of the POI statistics (x) can be approximated by different 
well-known PDFs, as mentioned in Table 1 [32]. 

To extract features from the POI statistics, their histograms are 
approximated by a reasonably close PDF. Here, the histograms are 
constructed using the Freedman-Diaconis rule [33]. To demonstrate the 
model-fitting performance using different PDFs, three PDFs are consid
ered, as shown in Fig. 4. These are normal distribution, Rayleigh dis
tribution, and exponential distribution. The empirical histograms of 
different POI statistics in the R plane for the three PDFs are presented in 
Fig. 4. In this figure, it can be seen that the Rayleigh distribution fits best 
the empirical histograms. However, it should be mentioned that a 
similar analysis is found in the cases of G and B plane histogram pat
terns. For demonstration purposes, 100 bleeding and 100 non-bleeding 
images are randomly chosen for consideration of investigating the 
discriminating nature of the fitted Rayleigh PDF parameters for 

Fig. 1. Typical wireless capsule endoscopy (WCE) images: (a) and (b) WCE bleeding images. (c) and (d) WCE non-bleeding images.  

Fig. 2. The steps involved in the proposed method. WCE ¼wireless capsule 
endoscopy; SVM ¼ support vector machine; RBF ¼ radial basis function. 

Fig. 3. Pixels of interest (POI) extraction. (a) Preprocessed bleeding image. (b) 
Extracted POI of the bleeding image. (c) Preprocessed non-bleeding image. (d) 
Extracted POI of the non-bleeding image. 

Table 1 
Different probability density functions (PDFs).  

Distribution Name Equation Fitted Parameter(s) 

Rayleigh fðx; σÞ ¼ x
σ2e� x2=ð2σ2Þ; x � 0  σ 

Normal 

fðx; μ;σ2Þ ¼
1
ffiffiffiffiffiffiffiffiffiffi
2πσ2
p e

�
ðx � μÞ2

2σ2  

μ, σ 

Exponential 
fðx; λÞ ¼

�
λe� λx ; x � 0;

0 ; x < 0:
λ  
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classification. Fig. 5 shows the box plots of the Rayleigh fitted model 
parameters for different POI statistics, such as mean, median, minimum, 
maximum, and mode, in the R plane. Similar box plots are found for the 
G and B planes. Again, to demonstrate the distinctiveness of the fitted 
Rayleigh PDF parameters in classifying bleeding and non-bleeding im
ages, 100 bleeding and 100 non-bleeding randomly chosen images are 
considered for performing the statistical significance t-test 10 times, and 

the extracted mean p values are shown in Fig. 6. The p values are very 
small for all of the extracted parameters from the Rayleigh PDF fitted to 
different local features. Therefore, is it evident from these figures that 
the fitted parameters of the Rayleigh PDF for different POI statistics 
imply a significant amount of class separation and can be considered 
strong features for classifying bleeding and non-bleeding images. 
Moreover, by choosing the fitted parameters as features, the 

Fig. 4. Model representations of spatial feature variation patterns. Figures in the rows represent the variation patterns of, respectively, block mean, median, 
maximum, minimum, and mode calculated from the pixels of interest (POI) at the R plane. The left column represents the patterns for a bleeding image, and the right 
column is for a non-bleeding image. Each figure has four curves, such as the empirical histogram of spatial feature, normal probability density function (PDF), 
Rayleigh PDF, and exponential PDF fitted to the feature variation pattern. 
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computational cost involved in classification will also be greatly reduced 
because of a huge reduction in feature dimensions. In order to acquire 
the final feature vector F, the feature vectors FR; FG, and FB at three 
color planes consisting of the fitted parameters of POI statistics (mean, 
median, mode, maximum, and minimum) are concatenated as depicted 
in Equation (2) through (5). 

FR ¼ ½ σRMean σRMedian σRMin σRMax σRMode � (2)  

FG ¼ ½ σGMean σGMedian σGMin σGMax σGMode � (3)  

FB ¼ ½ σBMean σBMedian σBMin σBMax σBMode � (4)  

F¼ ½FR FG FB � (5)  

where, σRMean is the fitted parameter when a Rayleigh PDF is fitted to the 
mean values (xRMean ) of blocks surrounding 8ði; jÞ 2 SPOI at the R plane 
and so on. 

2.2.3. Support vector machine (SVM) classifier 
The supervised SVM is a high-performance sparse classifier for two- 

class problems [34]. The objective function creates a maximum margin 
to separate the two opposite classes and reduces the error at the same 
time. The key component in SVM learning is to identify the set of support 
vectors from the marginal hyper-planes or from the outlier patterns, 
which are useful for shaping the (linear or nonlinear) decision boundary. 
Considering a kernel function that maps the feature space into a higher 
dimensional feature space, non-linear boundaries can be drawn, which 
become more effective for most supervised classification problems. 
Hence, in this paper, the SVM classifier is employed for bleeding frame 
detection from WCE videos. 

2.3. Proposed bleeding region detection scheme 

After the successful detection of a bleeding image from WCE videos, 
an automatic and precise bleeding zone identification in that image is a 
challenging task, but one that can provide numerous aids for the phy
sicians. In what follows, a proposed scheme of automatic bleeding 

region extraction from bleeding images is presented in detail. 
The POI extraction scheme described in Section 2.2.1 significantly 

helps in achieving quality features to detect bleeding images and offers a 
fairly good estimate of bleeding regions. However, in order to obtain a 
very precise bleeding region, it is important to check the candidacy of a 
few more pixels that were not included in the POI set (SPOI). Neverthe
less, it is impossible to recheck all other pixels that are not in SPOI for 
real-time computation of bleeding regions. It can be observed that the 
extracted POI, in most cases, form a bounded region. The pixels that are 
close to the border region formed by the POI (later termed critical pixels) 
need to be checked again to incorporate any possible bleeding candidate 
pixel in the bleeding region, as they may possess characteristics similar 
to bleeding. The proposed bleeding region extraction scheme has the 
following advantages:  

� The scheme involves less computation. Moreover, it utilizes variables 
from memory that were already computed in the bleeding image 
detection stage. Therefore, the bleeding regions are extracted in real 
time.  
� The scheme considers a few other probable bleeding candidate pixels 

outside of the POI for further examination so that more precise 
bleeding zones are extracted. 

2.3.1. Detection of critical pixels 
In order to detect the critical pixels, a binary image is first formed 

using the following criteria: 

IBði; jÞ¼
�

1; ði; jÞ 2 SPOI
0; ði; jÞ 2 S’POI

(6) 

Then, the edge (or boundary) formed by the POI is determined by 
applying the Sobel algorithm to the binary image IB. Next, a p� p block 
is considered, keeping each edge pixels in the center. Let Qk be the set of 
coordinates of the surrounding p� p block of k-th edge pixels, for k ¼
1; 2;3;…;M, where M is the total number of edge pixels. Now, Qk con
tains pixels from both SPOI and S’POI. Let Qrk be the set of coordinates 
from SPOI, and Qnk is the set of coordinates from S’POI residing in the k-th 
block. Qnk is determined such that Qnk ¼ fði; jÞ 2 QkjIBði; jÞ ¼ 0g, which 
means Qnk contains the coordinates where the binary image intensity is 
zero, and as a result, the pixels are not POI. Similarly, Qrk ¼ fði;
jÞ 2 QkjIBði; jÞ ¼ 1g, and these pixels are already in the SPOI, and hence, 
they do not require further testing. The situation is illustrated in Fig. 7, 
where each square is used to represent a pixel, and a 7� 7 block is 
considered around a center edge pixel. The edge is represented with the 
help of blue colored squares. The pixels under the edge pixels are the POI 
(IBði; jÞ ¼ 1). However, the pixels in S’POI (the upper and left pixels as 
shown in Fig. 7) do not satisfy the POI extraction criteria (IBði; jÞ ¼ 0) 

and, hence, are considered for further testing. After that, Qn ¼ [
k¼1

M
Qnk is 

determined as the set of critical pixels. 

Fig. 5. Box plot of Rayleigh probability density function (PDF) parameters fitted on different pixels of interest (POI) statistics: (a) σRMean ; (b) σRMedian ; (c) σRMode ; (d) σRMax ; 
(e) σRMin in the R plane of randomly chosen 100 bleeding and 100 non-bleeding images. 

Fig. 6. Mean p values from t-test of Rayleigh probability density function (PDF) 
parameters fitted to different local features. 
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2.3.2. Proposed clustering-based critical pixel classification 
After acquiring the critical pixels, the characteristic local spatial 

features of these pixels must be extracted for classification. For 
extracting the local features of critical pixels such as mean, maximum, 
mode, minimum, and median values of the surrounding blocks, 8ði; jÞ 2
Qn are calculated at the R, G, and B planes using the given RGB image I. 
Moreover, from the bleeding image detection step, the POI statistics of 
the bleeding image are already in memory. Therefore, the average 
values (μ) of all POI statistics are computed, for example, μRMean

¼

meanðxRMean Þ and so on. Now, a vector C0 is constructed where C0 ¼

½μRMean
​ ​ μRMedian

​ ​… ​ ​ μBMode
�. Next, the critical pixels are divided into K 

groups by applying a K-means clustering algorithm [35] using the 
calculated local features of critical pixels. The K-means clustering al
gorithm provides K cluster centers (C1, C2, …, CK) and assigns the data 
points in a particular cluster according to their mean value distribution. 
The pixels residing in the cluster with a cluster center closer to C0 are 
more likely to be bleeding pixels. Hence, the cluster having 
minðk C1 � C0k2; k C2 � C0k2;…; k CK � C0k2; Þ is chosen as the desired 
cluster, where the symbol jj⋅jj2 is used to express the Euclidean norm. 
The pixels of the desired cluster are incorporated in the bleeding region 
along with the previously extracted POI. The candidacy checking 
scheme of critical pixels is useful for incorporation of any probable 
bleeding candidates in the desired bleeding zone and helps to improve 
the bleeding zone detection accuracy. 

Moreover, the extracted bleeding zone may not be continuous in 
shape. However, in reality, the bleeding zone is continuous and smooth. 
In the proposed bleeding region detection scheme, two stages of 
morphological operations, namely morphological erosion and morpho
logical dilation, are carried out after classifying the critical pixels for 
smoothing the extracted bleeding regions [36]. Algorithm 1 summarizes 
the steps of the proposed bleeding region detection algorithm. 

Algorithm 1. Proposed bleeding zone localization algorithm. 
Input: A bleeding image (I), extracted pixels of interest (POI) (SPOI), 

POI statistics. 
Output: Extracted bleeding zone. 

Step 1: Select the block size, p 
Step 2: Determine the binary image (IB) from SPOI and S’POI using 
Equation (6). 
Step 3: Extract critical pixels (Qn) as mentioned in Section 2.3.1. 
Step 4: Extract characteristic local spatial features of critical pixels. 
Step 5: Compute C0 from all POI statistics. 
Step 6: Apply K-means clustering algorithm using the calculated 
local features of the critical pixels (Qn). Determine the cluster centers 
C1;C2;…CK. 

Step 7: Determine the cluster with a center of 
min

�
jjC1 � C0jj2; jjC2 � C0jj2;…; jjCK � C0jj2

�
. 

Step 8: Include the pixels of the chosen cluster along with POI to form 
a binary image. 
Step 9: Return bleeding zone in a bleeding image after morphological 
erosion and dilation of the binary image. 

3. Results and discussion 

This section presents the experimental results obtained from the 
proposed method in three aspects: 1) bleeding image detection perfor
mance, 2) bleeding zone localization performance, and 3) performance 
in continuous WCE clips. Along with performance results, the perfor
mance evaluation criteria are also presented. 

3.1. Goodness of fit: Bayesian information criterion (BIC) 

Bayesian information criterion (BIC) is a criterion for model selection 
among a finite set of PDF models, where the PDF model having the 
lowest BIC value is chosen [37]. To compare the fitting performance of 
different PDFs, the average BIC values of fitted PDFs using 15 different 
local features (block mean, median, mode, maximum, and minimum at 
the R;G and, B planes) are shown in Fig. 8. It is observed from the figure 
that in most cases, the fitting performance of Rayleigh distribution 
outperforms the other distributions. 

3.2. Goodness of feature: geometric separability index (GSI) 

In order to demonstrate the quality of the extracted features for 
bleeding image classification, the geometric separability index (GSI) is 
used, which is defined in Ref. [38] as 

GSI ¼
PN

i¼1

� �
f ðFiÞ þ f

�
FT

i
�
þ 1

�
mod 2

�

N
(7) 

Here, fð⋅Þ is the binary class label, FT
i is the nearest neighbor of any i- 

th feature vector Fi, and N is the total number of images. For well- 
separated features, the GSI value will be close to 1, and a low GSI 
value indicates overlapping characteristics [39]. The GSI values of the 
proposed PDF fitting based features of different distributions are listed in 
Table 2. It can be clearly seen in Table 2 that, except for the Student-t 
distribution, all the other PDFs offer good quality of extracted fea
tures, which implies the proposed PDF fitting based scheme is good. 

3.3. Performance evaluation criteria 

For classification of bleeding and non-bleeding images, standard 
performance measures, namely sensitivity, specificity, and accuracy 
[40], are used, and for bleeding zone localization, false negative ratio 
(FNR), false positive ratio (FPR), and precision are used [41]. The def
initions are presented in Table 3. Here, in the case of bleeding images 
detected, N is used to indicate the number of images for a particular 
case. For example, NTP represents the number of true positive image 
detected. For bleeding region detection, M is used to indicate the 
number of pixels for a particular case. For instance, MTP represents the 
number of true positive pixels in a bleeding image. 

3.4. Performance of bleeding image detection 

In order to extract model fitting based features from POI statistics, 
the POI are first extracted from each preprocessed WCE image using the 
criteria provided in Equation (1). After that, statistical measures, such as 
mean, median, mode, minimum, and maximum values of surrounding 
3� 3 blocks 8ði; jÞ 2 SPOI in the R, G, and B planes, are calculated. 
Finally, all POI statistics are individually fitted in a PDF and the fitted Fig. 7. Determination of critical pixels.  
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PDF parameters in cascade are used as features, followed by classifica
tion using the supervised SVM classifier. A tenfold cross-validation 
scheme is used to evaluate the image classification performance. 

3.4.1. Effect of pixels of interest (POI) extraction parameters (m and n) 
To find the appropriate values of m and n, different values of m 2

f2:5;2:75;…;3:5g and n 2 f1:5;1:75;…;2:5g are applied to extract the 
POI. Then, the POI statistics are fitted on the Rayleigh PDF, and classi
fication is performed on the SVM classifier using a Gaussian radial basis 
function (RBF) kernel. Some of the best results are reported in Table 4. 

From Table 4, it can be seen that the performance indices are quite 
similar for the reported values of m and n. However, considering 
sensitivity as the most important, m ¼ 3:25 and n ¼ 2:25 are used in 
reporting performance of the proposed method in the rest of the paper, 
which results in an accuracy of 96.77%, a sensitivity of 97.55%, and a 
specificity of 96.59%. The average computational time of the proposed 
bleeding image detection scheme using an Intel core i-5 CPU @ 2.30 GHz 
clock, and 8.00 GB RAM requires 0.0756 s per sample for feature 
extraction and 0.000011395 s per sample for testing. 

3.4.2. Effect of using different probability density functions (PDFs) 
The performance of the proposed method is evaluated using different 

PDFs, namely Gaussian, Rayleigh, exponential, Poisson, gamma, and 
student-t distributions. The results presented in Table 5 demonstrate 
that Poisson distribution, Rayleigh distribution, and exponential distri
bution show similar good performances among all of the distributions. 
Moreover, in most images, no convergence is found when trying to fit 
the POI statistics to Weibull, lognormal and Nakagami distributions. 
Hence, in the rest of the paper, the remaining evaluations are performed 
using the Rayleigh distribution. 

3.4.3. Effect of using individual color planes 
Similarly, the performance of the proposed method is tested on in

dividual R, G, and B planes, and the results are provided in Fig. 9. For 
example, in obtaining the performance of the proposed method in the R 
plane, FR is used as the feature vector. Fig. 9 indicates that the result 
obtained using the PDF features from the R;G, and B planes in cascade 
outperforms the result obtained using features from individual planes. 

3.4.4. Effect of using different pixels of interest (POI) statistics 
Next, the effect of using different POI statistics individually and the 

Fig. 8. Bayesian information criterion (BIC) values of different probability density functions (PDFs).  

Table 2 
Geometric separability index (GSI) of different distributions.  

Distribution Name Normal Exponential Rayleigh Student-t Gamma 

GSI 0.9624 0.9791 0.9716 0.8776 0.9570  

Table 3 
Definition of performance measures. FNR ¼ false positive ratio; FPR ¼ false 
positive ratio.  

for Bleeding Frame Detection for Bleeding Zone Localization 

Sensitivity ¼
NTP

NTP þ NFN  
FNR ¼

MFN

MFN þMTP  

Specificity ¼
NTN

NTN þ NFP  
FPR ¼

MFP

MFP þMTN  

Accuracy ¼
NTP þ NTN

NTP þ NFN þ NTN þ NFP  
Precision ¼

MTP

MTP þMFP   

Table 4 
Performance of the proposed method for various values of m and n.  

m n Sensitivity (%) Specificity (%) Accuracy (%) 

3.0 2.0 96.96 93.35 94.03 
3.25 2.25 97.55 96.59 96.77 
3.5 2.25 97.11 96.17 96.53 
3.5 2.5 97.37 97.08 97.13  

Table 5 
Performance of the proposed method using different distributions.  

Distribution Sensitivity Specificity Accuracy 

Normal 94.39% 98.65% 97.83% 
Poisson 97.19% 96.11% 96.15% 
Exponential 97.25% 96.63% 96.74% 
Rayleigh 97.55% 96.59% 96.77% 
Gamma 89.35% 96.47% 95.12% 
Student-t 77.32% 99.90% 91.98%  

Fig. 9. Performance comparison of using Rayleigh probability density function 
(PDF) features from individual R, G, B color planes and using them in cascade. 
(For interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.) 
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effect of using them combined are given in Table 6. In obtaining the 
results shown in Table 6, the Rayleigh PDF is used, and classification is 
performed using the SVM classifier with the RBF kernel. For example, in 
reporting the results shown in the first row of Table 6, 
½σRMean ​ σGMean ​ σBMean � is used as the feature vector. Results in Table 6 
clearly show that using those five block statistics (mean, minimum, 
maximum, mode, and median) together as features leads to a better 
performance than using individual statistics. To acquire features of 
minimum correlation, a PCA is implemented using the proposed PDF- 
based features. The obtained sensitivity, specificity, and accuracy are 
96.87%, 95.82% and 96.68%, respectively, which are slightly less than 
the results obtained by the proposed method. Moreover, instead of 
considering mean, minimum, maximum, mode, and median, one may 
also consider computing second-order POI statistics. For example, along 
with the block mean, second, third, and fourth order moments are 
chosen as local spatial features. The obtained results using these local 
features are as follows: sensitivity is 97.08%, specificity is 95.71%, and 
accuracy is 96.56%, which provides a similar performance as the pro
posed local features. 

3.4.5. Effect of using non-overlapping blocks 
For performance comparison, the local spatial features are extracted 

from non-overlapping blocks inside the POI set for modeling instead of 
using all the overlapping blocks surrounding the POI. The results are 
provided in Table 7. It can be seen that the use of non-overlapping blocks 
inside the POI shows quite satisfactory performance with less compu
tation. However, taking all blocks inside the POI for modeling shows a 
better performance than taking non-overlapping blocks. But considering 
the computation involved, one can also use the non-overlapping blocks 
inside the POI for spatial feature extraction. 

3.4.6. Probability density function (PDF) fitting of pixels of interest (POI) 
intensities 

In order to compare between PDF fitting of POI statistics and PDF 
fitting of POI intensities, the proposed PDF fitting scheme is tested using 
pixel intensities instead of extracting the block statistics. The results are 
demonstrated in Table 8. One can use POI intensities for Poisson or 
exponential PDF fitting as it involves less computation. However, it is 
clear from Table 8 that the results obtained from PDF fitting of POI in
tensities cannot outperform the results obtained using PDF fitting of POI 
statistics. 

3.4.7. Performance of probability density function (PDF) fitting based 
feature extracted from the entire image 

Next, Table 9 shows the performance comparison of the proposed 
PDF fitting based approach using only POI statistics and using statistics 
from the whole image pixels. In the case of a whole image based 
approach, for PDF fitting, the surrounding block statistics 8ði; jÞ 2 I are 

computed and fitted to the Rayleigh PDF, which is not feasible for real- 
time image classification. Moreover, using only POI statistics for PDF 
fitting shows a better result than using statistics from entire image 
pixels. Therefore, in this paper, a POI selection scheme is employed 
before feature extraction. 

3.4.8. Effect of changing classifiers 
In Table 10, classification results of the proposed method using 

different classifiers, such as the K-nearest neighbors (KNN) classifier, the 
naive Bayesian (NB) classifier, the decision tree classifier, the random 
forest classifier, the SVM classifier (with linear and RBF kernel), and the 
artificial neural network (ANN) classifier, are shown. It is evident from 
the table that the SVM classifier outperforms all other classifiers in terms 
of all performance indices. 

3.4.9. Effect of using different color spaces 
In Fig. 10, comparison among results obtained using various color 

spaces such as RGB, HSV, YIQ, YCbCr, CIE-LAB, CMYK, and gray-scale 
image is demonstrated. Here, the POI are extracted in RGB space 
using Equation (1). Then, the POI intensities are converted to different 
color spaces before feature extraction. Fig. 10 demonstrates that sensi
tivity is higher in the HSV and CIE-LAB color domains. In the YIQ space, 
all three performance indices are significantly higher than the other 
color domains. Therefore, the proposed PDF fitting based feature 
extraction scheme can also be applied to several other color spaces, 
including YIQ, HSV, and CIE-LAB. 

3.4.10. Comparison of different methods 
To evaluate the proposed bleeding image detection scheme, it is 

compared with the methods proposed in Refs. [24,26,28], and the uni
form local binary pattern (LBP) feature proposed in Ref. [15]. In the case 
of [15], the LBP features are extracted from the RGB color plane. In 
Ref. [24], histograms are computed using POI intensities in a normalized 
G plane. In Ref. [26], bleeding image is classified using unsupervised 
clustering based histogram features in a pixel domain using the whole 
image. In Ref. [28], histogram statistics are used as features in the RGB 
space. In these methods, the feature dimension is high because of using 
histogram bin frequencies as features. Moreover, one may think of 
implementing the proposed method without PDF modeling. In this case, 
instead of PDF fitting, statistical measures can be extracted from local 
spatial features for classification. For comparison, the mean and the 
variance of POI statistics are computed to construct the feature vector. 
All the methods are implemented using the same dataset mentioned in 
Section 2.1 and using the same SVM classifier. From the results pre
sented in Table 11, it is evident that the proposed method performs 
better than the other methods in terms of all three performance indices, 

Table 6 
Performance of the proposed method using different block statistics.  

Block Statistics Sensitivity (%) Specificity (%) Accuracy (%) 

Mean 92.16 88.33 89.06 
Median 91.88 93.11 92.89 
Minimum 93.89 94.13 94.09 
Maximum 93.26 88.25 89.2 
Mode 97.99 93.76 94.56 
All Combined 97.55 96.59 96.77  

Table 7 
Performance comparison between features extracted from overlapping blocks 
and non-overlapping blocks inside the pixels of interest (POI).   

Sensitivity Specificity Accuracy 

Features from non-overlapping blocks 96.26% 96.17% 96.20% 
Features from overlapping blocks 97.55% 96.59% 96.77%  

Table 8 
Performance of the probability density function (PDF) fitting-based feature 
extraction scheme using pixels of interest (POI) intensities.  

Distribution Sensitivity Specificity Accuracy 

Normal 92.87% 92.73% 92.77% 
Poisson 94.45% 93.88% 93.98% 
Exponential 93.26% 92.98% 93.05% 
Rayleigh 91.81% 94.10% 93.68% 
Gamma 92.75% 92.64% 92.04% 
Student-t 92.51% 94.61% 94.21%  

Table 9 
Performance comparison between pixels of interest (POI) based approach and 
whole image based approach.   

Sensitivity Specificity Accuracy 

Using POI 97.55% 96.59% 96.77% 
Using whole image 86.75% 90.18% 89.55%  
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with a significant improvement in sensitivity. Therefore, it is clear that 
the PDF fitting based feature can greatly improve the performance of the 
bleeding frame detection method. 

Besides using the tenfold cross-validation scheme, the proposed 
method is also implemented by randomly choosing 50% of the data as 
training, and the remaining 50% of the data are chosen for validation. 
Using the training data, a fivefold cross-validation scheme is used to 
select the optimum classifier parameter(s). Finally, by using the selected 
parameters, the final classifier model is trained to test the validation set. 
Similarly, the training set and validation set are switched, and the same 
procedure is followed. The mean sensitivity, specificity, and accuracy 
found on the validation set are, respectively, 97.48%, 96.32%, and 
96.68%, which are similar to the reported results when a tenfold cross- 
validation is used for performance evaluation. 

3.5. Performance of bleeding region detection scheme 

The performance of the bleeding region extraction scheme is 
described in this Section considering 65 bleeding images, where the 
bleeding zones inside the images are marked by physicians. The POI set 
and its statistics of bleeding images are available from the bleeding 
image detection step. Using the POI and the given image, first, the set of 
critical pixels are extracted as mentioned in Section 2.3.1 for further 
examination of bleeding candidacy. After that, the critical pixels are 
classified using a clustering based approach, as mentioned in Section 
2.3.2, in order to extract the desired bleeding region. In Fig. 11, the 
image outputs of the proposed bleeding zone localization scheme are 
presented using four images. The first column is the preprocessed 
bleeding images, while the second column shows the extracted POI of 
corresponding images, and the third column shows the localized 
bleeding zones. The final column shows the ground truth of bleeding 
zones labeled by the expert clinicians. It can be observed that the 
bleeding zones are accurately extracted by the proposed bleeding region 
detection scheme. 

To evaluate the performance of the proposed bleeding region 
detection scheme, different values of p 2 f3;5; 7; 9;11;13g with K ¼ 2 
are used, and the obtained results are reported in Table 12. It can be 
observed from the Table that p ¼ 9 provides better performance than 
other values of p in terms of all performance indices, having a precision 
of 90.07%, FPR of 6.83%, and FNR of 30.79%. Higher values of p involve 
more computation. Hence, p ¼ 9 is proposed in this paper. The reason 
for such a high numeric figure for FNR is that when the ground truths are 
marked by the physicians, they mark the image holistically and not pixel 
by pixel. For example, there may be 2%–5% disjointed bleeding pixels, 
but the physicians mark the regions as a continuous region. As a result, a 
few pixels will not be detected as bleeding in the proposed region 
localization scheme. Next, the bleeding region localization scheme is 
implemented using different values of K 2 f2;3;4; 5g, and the obtained 
results are reported in Table 13. It can be seen in the table that the FNR is 
increasing with an increase in the value of K. Therefore, K ¼ 2 is chosen 
in this paper. As the initial POI set provides a fair estimate of the 
bleeding region, the region localization scheme is also implemented in 
the RGB space without the K-means clustering step. Here, the bleeding 
region is formed by the set of initial POI in a bleeding WCE image, fol
lowed by the morphological operations. The obtained result is as fol
lows: precision is 89.05%, FPR is 6.58%, and FNR is 35.70%. Hence, it is 
clear that the additional K-means clustering step is able to significantly 
improve the precision and FNR as more bleeding pixels are incorporated 
in the desired bleeding zone. Like the critical pixel classification, one 
may think of incorporating an additional refinement step to reduce the 
false positive pixels. Therefore, to reduce the false positive pixels, after 
classification of the critical pixels, a few more POI near the boundary 
regions are considered and classified using a separate K-means clus
tering in a similar way. The obtained precision, FPR, and FNR are, 
respectively, 90.31%, 4.51%, and 40.60%. We can observe from the 
results that even though FPR is improved by a slight margin, FNR is 
greatly increased. This is because a lot of bleeding pixels are falsely 
classified as normal pixels after applying the above-mentioned step. 
Therefore, classification of a few more POI near the boundary region is 
not considered in the proposed method. Next, the proposed region 
detection scheme is compared with the methods proposed in Refs. [24, 
26], in Table 14. A two-stage saliency extraction scheme is proposed in 
Ref. [26] to localize the bleeding areas, which involves more compu
tation as the scheme combines various color spaces. In Ref. [24], 
bleeding region is extracted using a two-stage linear separation criteria 
in a normalized RGB space [24]. only includes POI in the bleeding zone 
without considering any potential critical pixels for further examination. 
The proposed bleeding region localization method performs better than 
the methods in Refs. [24,26] in terms of precision and FNR. Moreover, to 
compare the performance of the proposed bleeding region localization 
scheme with the methods proposed in Refs. [16,42], a publicly available 
dataset [43] of 50 bleeding images with their corresponding ground 
truths are considered. The proposed scheme is implemented with m ¼

Table 10 
Performance comparison of the proposed method using different classifiers. KNN ¼ K-nearest neighbors; NB ¼ naive Bayesian; SVM ¼ support vector machine; 
RBF ¼ radial basis function; ANN ¼ artificial neural network.  

Classifier KNN NB Decision Tree Random Forest SVM (Linear Kernel) SVM (RBF Kernel) ANN 

Sensitivity 92.60% 89.01% 87.93% 90.86% 88.90% 97.55% 89.71% 
Specificity 97.91% 83.38% 96.64% 96.31% 94.72% 96.59% 98.04% 
Accuracy 96.89% 84.46% 94.78% 95.27% 93.29% 96.77% 96.45%  

Fig. 10. Performance of the proposed method using different color spaces. (For 
interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.) 

Table 11 
Comparison of classification accuracy among different methods. LBP ¼ local binary pattern.  

Parameter Uniform LBP [15] Method in Ref. [24] Method in Ref. [26] Method in Ref. [28] Proposed method without modeling Proposed method 

Sensitivity (%) 79.25 90.58 92.10 83.50 90.94 97.55 
Specificity (%) 94.56 93.72 96.61 75.69 96.05 96.59 
Accuracy (%) 91.50 92.58 95.85 77.15 95.54 96.77  
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Fig. 11. Bleeding region detection. (a) Preprocessed bleeding image. (b) Extracted pixels of interest (POI). (c) Output bleeding region. (d) Ground truth image.  

Table 12 
Bleeding region detection performance using various values of p. FPR ¼ false 
positive ratio; FNR ¼ false negative ratio.  

p Precision FPR FNR 

3 89.33% 5.15% 35.56% 
5 88.81% 6.15% 31.10% 
7 89.93% 6.84% 30.24% 
9 90.07% 6.83% 30.79% 
11 88.80% 08.07% 28.74% 
13 89.02% 09.12% 28.35%  

Table 13 
Region detection performance using various K values. FPR ¼ false positive ratio; 
FNR ¼ false negative ratio.  

K Precision FPR FNR 

2 90.07% 6.83% 30.79% 
3 90.05% 6.31% 33.74% 
4 89.98% 6.24% 33.97% 
5 90.01% 6.03% 34.58%  

Table 14 
Comparison of different bleeding region detection methods. FPR ¼ false positive 
ratio; FNR ¼ false negative ratio.  

Method Precision FPR FNR 

Method in Ref. [26] 85.03% 7.68% 38.13% 
Method in Ref. [24] 88.38% 6.78% 33.13% 
Proposed Method 90.07% 6.83% 30.79%  

Table 15 
Performance in continuous videos.  

Clip No. Sensitivity Specificity Accuracy 

1 98.19% 97.45% 97.89% 
2 85.32% 93.20% 87.95% 
3 99.00% – 99.00% 
4 76.00% 82.67% 81.00% 
5 75.00% 65.22% 66.00%  
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4:7; n ¼ 3:4, and p ¼ 7 using these 50 images, and the dice similarity 
coefficient (DSC) is found to be 0.87, whereas the DSC value of the 
methods proposed in Refs. [16,42] are 0.81 and 0.84, respectively. 
Therefore, the proposed scheme performs better than the two 
state-of-the-art methods. 

3.6. Performance in continuous wireless capsule endoscopy (WCE) videos 

In order to evaluate the performance of the proposed scheme, five 
sample continuous WCE video clips are reported. Here, the performance 
is measured in terms of sensitivity, specificity, and accuracy using a 
leave-one-out cross-validation scheme. Here, the POI are extracted using 
m ¼ 3:25 and n ¼ 2:25, and the Rayleigh PDF is used for modeling the 
POI statistics. The results are demonstrated in Table 15. For Clip number 
3 specificity is undefined as it contains only bleeding images. The per
formance in continuous videos demonstrates how the proposed method 
performs when a single test video of a separate individual patient occurs. 
The result indicates the satisfactory performance of the proposed PDF 
fitting based feature extraction scheme in continuous WCE videos. 

4. Conclusion 

The main contribution of this paper lies in the fitting of a charac
teristic PDF suitable for modeling the extracted POI statistics. The nature 
of bleeding and non-bleeding images can be represented precisely with 
the help of the PDF fitting-based approach. The use of POI in calculating 
the PDF fitted parameters involves less computation, as well as ensuring 
more exact representations of bleeding. In particular, the Poisson, 
Rayleigh, and exponential PDF-fitted parameters of POI statistics are 
found to be very prominent for bleeding detection. It is experimentally 
found that the PDF fitting of POI statistics, instead of POI intensities, 
improves the classification performance to a good extent. Therefore, the 
PDF fitted parameters of POI statistics are used in the proposed feature 
vector. Performance of the proposed scheme in classifying bleeding and 
non-bleeding images are evaluated in terms of accuracy, specificity, and 
sensitivity, and it turns out that the proposed method outperforms the 
four other methods in terms of all performance indices. Then, bleeding 
regions are extracted using an unsupervised clustering based scheme 
which re-examines the probable bleeding candidates. This scheme in
creases the performance of the proposed bleeding zone localization as 
more probable bleeding pixels are incorporated in the bleeding region. 
Moreover, the scheme involves only a few computations, which is 
essential for real-time implementation. Morphological operations in 
zone localization help to make the bleeding region smooth. Finally, the 
performance in continuous videos ensures the goodness of the proposed 
PDF fitting based feature extraction scheme. Therefore, the proposed 
automatic bleeding image detection and bleeding region extraction 
scheme greatly can help physicians in diagnosing GI bleeding using WCE 
technology. 
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