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ABSTRACT
Wireless capsule endoscopy is an innovative technology for
visualizing anomalies in the gastrointestinal tract, useful to
replace traditional endoscopic diagnosis. Its advantages are
related to the capability to reach the duodenum and small
intestine, while eliminating the discomfort of patients. The
time spent by a physician analyzing the results of wireless
capsule endoscopy video can vary between 45 and 180 minutes, limiting its widespread diffusion. Therefore, methods able to perform an automatic pre-screening of images
of interest are necessary. This paper presents an innovative
technique to detect bleeding regions in wireless capsule endoscopy video. Experimental results show that the proposed
algorithm exhibits a low false alarm rate, and is effective at
reducing the time needed to analyze video sequences.
1. INTRODUCTION
The Wireless Capsule Endoscopy (WCE) is a non-invasive
technique that enables the visualization of the small bowel
mucosa for diagnosing purposes. The WCE is swallowed by
the patient and it is passively propelled by peristalsis. The
most common indication for capsule endoscopy is for evaluation of obscure gastrointestinal bleeding. Early systematic
studies suggest that it is a very effective diagnostic tool in
patients with Crohn’s disease; moreover, it is expected that
WCE would offer a clinical benefit in terms of small bowel
cancer survival [1], which has a poor clinical outlook as it
tends to be diagnosed late.
The most popular WCE, developed and manufactured by
Given Imaging [2], captures two images per second and
transmits them to a recording device. The recorded images
are then downloaded in a computer for review by the physician. During an exam, an average of 55,000 images are obtained, among which about 100 are from the gastrointestinal
tract entrance, 4000 from the stomach, 30000 from the small
intestine, and 20000 from the large intestine. A specialized
doctor needs to view all the obtained images, annotate the
relevant ones, and create a final report. The annotation time,
which can vary between 45 and 180 minutes, is the most serious limitation of this procedure as it can miss a very localized
disease [3]. Therefore, it is clear that a very important challenge of endoscopic capsule research is the automatic detection of obscure bleedings and the identification of anomalous
frames. Thus, if such tool is available, the specialized doctor could focus only on the anomalous frames. The capsule
manufacturers actually provide some automatic image analy-
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sis function in their software. However, performance of such
tools is reported to be not satisfactory. In particular, it has
been shown to yield a high false alarm rate, which limits its
actual use [4].
A significant number of papers dealing with WCE image
processing have recently appeared, proposing techniques to
automatically discriminate digestive organs such as esophagus, stomach, small intestinal and colon ([5, 6]).
[7] describes a system for discriminating normal and abnormal tissue, whereas in [8] the authors measure the usefulness
of MPEG-7 for detection of a variety of events, such as bleeding, ulcers and polyps. The problem of the automatic detection of bleeding regions has been addressed in [9], where
the authors propose to use expectation-maximization clustering and Bayesian techniques. In [10], a two-steps process is
proposed; the first step discriminates images with bleeding,
using a block-based color saturation method; the second one
refines the initial classification and increases its reliability
using a pixel-based saturation-luminance analysis.
In this paper, we present an innovative technique to detect bleeding regions in WCE video. The core of the algorithm is represented by the Reed-Xiaoli (RX) detector [11],
which is used to discriminate the bleeding regions from the
surrounding normal tissues. In order to allow RX detector
to target very specific blood areas, the data are pre-processed
by means of a multi-stage filtering algorithm, and the final
result is improved by means of morphological operations.
Experimental results show that the proposed algorithm exhibits relatively low False Alarm Rate (FAR), substantially
reducing the number of images to be analyzed to provide a
diagnose proposal, and hence allowing a more widespread
use of WCE.
2. ANOMALY DETECTION: THE RX ALGORITHM
The main objective of the proposed method is to discriminate between the normal internal mucosa tissue and bleeding regions, within each frame of the WCE video. This is
achieved by identifying the regions that differ, in terms of
spatial and/or spectral characteristics, from their surroundings. In particular, the bleeding regions are considered as
isolated targets against the background; this process is known
in literature as anomaly detection.
Anomaly detection is usually cast as a hypothesis testing
problem; the typical formulation assumes that the covariance matrix of the data is unknown, and that anomalous pixels differ from the background in their mean value (see e.g.
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Figure 1: Block diagram of the multi-stage proposed algorithm.
[12] and [13]). Denoting as xi = [ri , gi , bi ], i = 1, ..., N, the
RGB color representation of each pixel of WCE image, and
M = [µr , µg , µb ] its expected value, the covariance matrix
can be estimated as:
1 N
Cb = ∑ (xi − M)(xi − M)T
N i=1

(1)

where N is the total number of pixels on which the RX algorithm is evaluated. The covariance matrix Cb is computed
assuming that the color spectral vectors xi are observations
of the same random process. This is reasonable for the background pixels, but much less so for the anomalous ones.
Since the anomalous pixels are typically very few, errors
in these pixels hardly affect the anomaly detection performance. The generalized likelihood ratio test for declaring an
anomalous pixel can be expressed in terms of the comparison
with a detection threshold η1 :

δRX (xi ) = (xi − M)T Cb−1 (xi − M) > η1

(2)

It is interesting to notice that the RX equation in (2) performs
a sort of matched filtering [14] specified by:
Md (xi ) = kd T xi > η2

(3)

where d is the matched signal and k is a constant.
In general it is assumed that the background is a stationary process. However, the high non-stationarity of the WCE
data, due to the presence of mucosa edges, air bubbles as
well as organic residuals, makes this assumption questionable. Therefore, in the proposed method we apply a preprocessing stage that prepares the data for anomaly detection,
and then run the RX algorithm.
3. THE MULTI-STAGE BLOOD DETECTION
METHOD

bleeding detection, i.e. the dark regions and intestinal fluids.
These latter appear as yellowish to brownish semi-opaque
turbid liquids often containing air bubbles as well as organic
residuals. This stage is composed of two different operating
blocks: dark color pixel removal and red color pixels detection. On each frame of the original WCE video, a dark pixel
detector is used to remove pixels close to black color. Then,
the red regions, which can represents either a normal or a
bleeding tissue under various lighting conditions, are identified. In fact, the gastrointestinal images present high red hue
values, except when the capsule reaches the colon, where the
dominant colors become orange to yellow-green due to the
presence of faecal remains.
The Hue, Saturation and Value (HSV) color space, which
resembles the human vision color perception, is well suited
for the processing steps described above. HSV space appears
as a cone and the color set of interest for blood detection
can be represented by HSV color range that spans the red
hue range h, with saturation levels s that exclude the light
red depending on their value v. In our S
simulation, we have
experimentally selected h ∈ [0◦ , 40◦ ] [320◦ , 360◦ ] ; s ∈
[0.35, 1.0]; v ∈ [0.25, 1.0]. On the other hand, the dark pixel
mask excludes the pixel with v ∈ [0, 0.15].
In Fig. 2 it is possible to see the original frame (a) the dark
pixel removal effect (b) and the final result of this stage (c).
This latter image will be passed to the following stage for
further processing.
3.2 Edge masking: the Mumford-Shah functional
Since edges represent a small portion of the whole information, and their characteristics are different from those of the
background pixels, they are likely to be marked as anomalous by the RX procedure. In order to mitigate the effect of
edges on the anomaly detection, we apply an edge masking
process to the WCE frame processed as described in section
3.1, so as to obtain a homogenous data set that can be efficiently processed by the RX algorithm. In particular, we use
an adaptive version of the Mumford-Shah (MS) functional
[15].
The advantages of MS is that it allows for joint denoising and
edge detection, yielding superior performance with respect to
classical separated processing, and avoiding the problem of
edge blurring due to filtering. Given an image, its regularized approximation and the set of discontinuities, representing edges, are obtained as the results of the MS functional
minimization problem.
The edge mask is obtained applying the MS technique using as input the image elaborated in the previous stage (Fig.
2(c)). Such mask is applied on the same image, and the resulting image with removed edges is shown in Fig. 2(d). This
image will be passed to the following stage for the final processing.
3.3 Blood detection

The proposed multi-stage method is depicted in Fig. 1.
3.1 Dark pixels removal and red color pixels detection
The first stage of the proposed method (3.1 in Fig. 1) aims
at discriminating image regions that could contain bleeding
from those that certainly do not. This is achieved by excluding those regions that do not carry useful information for

At this point, two different steps are applied independently
and their outcomes are combined in order to improve the reliability of the final result.
In the first step, the blood red color detection stage extracts
the blood red pixels exploiting the HSV color space. A bleeding region in a WCE image is characterized by the presence
of a vividly red region or a dark red region. However, the red
of the not bleeding region is characterized by a lower color
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3.4 Morphological operations
Finally, it is worth taking into account that bleeding areas do
not appear as small and isolated areas; therefore, it is useful to remove isolated anomalous pixels [9]. To this end, the
morphological erosion operation is employed. In particular,
a square flat structuring element with 25 pixels area is used to
discard the anomalous areas with less than 25 pixels. Fig. 3
shows the final output of the proposed blood detection technique on a given frame.
(a)

(b)

Figure 3: Final blood detection.
(c)

(d)

4. EXPERIMENTAL RESULTS

(e)

In order to evaluate the effectiveness of the proposed technique, we have carried out simulations on 11 sequences, 8
of which refer to pathological cases with different bleeding
patterns and 3 referring to normal subjects. Sequences have
been downloaded from PillCam capsule endoscopy images
Atlas [17] and each sequence consists of 101 frames of size
256 × 256 pixels.
The results obtained with the unsupervised classification,
based on the proposed method, have been compared with
those yielded by manual annotation, using the False Alarm
Rate (FAR) and Missed Detection Rate (MDR):

(f)

Figure 2: a) Original frame; b) Dark pixels removal result; c)
Red color detection result; d) Edge masking result; e) Blood
color detection result; f) RX anomaly detection result.

saturation than the bleeding area. Therefore, the detection
of the bleeding region can be achieved by the detection of
blood red saturated areas. In particular, pixels with HSV coordinates (h, s, v) given in (4) are marked as blood, leading to
the detection of the regions shown in Fig. 2(e).
In the second step, the RX detection algorithm is applied,
yielding to the identification of the anomalous pixels present
in the preprocessed image. The result, shown in Fig. 2(f),
is obtained combining the masks deriving from equations
(2) and (3) respectively, where d is the spectral signature of
blood in RGB color space ([102, 0, 0] selected as in [16]).
The RX step may identify some spurious and isolated pixels
as anomalous. By combining the blood red color detection
with the anomaly detection results, we obtain a masking of
non-bleeding areas belonging to residual anomaly areas that
have not been removed by the previous stages.

MDR =

FN
T P + T N + FP + FN

FP
T P + T N + FP + FN
where T P, T N, FP, and FN represent the number of true
positives, true negatives, false positives, and false negatives
among all the frames respectively.
For completeness, we used also the typical measures which
are widely used in the medical community to describe a diagnostic test, i.e. the sensitivity (SE) and specificity (SP) metrics [4]:
TP
SE =
T P + FN
FAR =

TN
T N + FP
Notice that the sensitivity represents the probability of detection (PoD).
The proposed blood detection algorithm is carried out using
different value of RX detection threshold η1 , and empirically
setting η2 to one half of the maximum value of Md (xi ) expressed in (3). We have selected η1 so as to obtain a value of
FAR on average lower than 10%, and an MDR close to 0%,
as shown in Fig. 4.
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SP =

½
I(x, y) =

S

{h | h ∈ [0◦ , 30◦ ] [340◦ , 360◦ ]}
otherwise

bloody tissue
not bloody

{s | s ∈ [0.5, 1.0]}

T

{v | v ∈ [0.25, 1.0]}

(4)

5. CONCLUSIONS
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Figure 4: Average FAR and MDR versus threshold η1 , evaluated applying the proposed method to all the selected videos.
Tab. 1 shows the performance of the proposed algorithm
for all the selected videos; note that for video of normal subjects, in which there are no bleeding frames, SE and SP can
not be evaluated. We can notice that the algorithm exhibits
a satisfactory PoD (SE) and a FAR that is on average lower
than 8%; this is very useful to reduce the time spent to examine the video sequence. Our experimental results show that
the proposed method achieves on average 92% and 88% of
sensitivity and specificity respectively.
It is important noticing that direct comparison with previously proposed methods is not possible due to the different
data sets employed; however, the results of the proposed algorithm are comparable to those reported in [18].

This paper proposes an algorithm for automatic analysis of
bleeding patterns in WCE images. In particular, it implements a blood detection algorithm based on color modeling, edge masking and RX detection. The core of the proposed algorithm is the RX detector, which is implemented
on pre-processed images. The simulation results reveal that
the algorithm is effective at achieving a satisfactory PoD
along with a relatively low FAR. Therefore, it is expected
to substantially reduce the number of images to be manually
analyzed to provide a diagnose proposal, allowing a more
widespread use of WCE. It is worth noticing that the used sequences are compressed, and as a consequence the obtained
results can be impaired by the distortion introduced by compression. Future developments will include the algorithm
validation on uncompressed data, and the exploitation of the
correlation between adjacent frames in order to improve the
performance of the RX detection stage.
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Table 1: SE, SP, FAR and MDR of the proposed algorithm
applied to 8 videos with different bleeding patterns (bleeding
video) and 3 videos of normal subjects (normal video) (341
bleeding frames + 770 normal frames).
bleeding video1
bleeding video2
bleeding video3
bleeding video4
bleeding video5
bleeding video6
bleeding video7
bleeding video8
normal video1
normal video2
normal video3
average

SE
0.76
1
0.67
0.93
0.94
0.82
1
0.95
0.92

SP
0.73
0.92
0.89
0.93
0.82
0.97
0.57
0.70
0.88

FAR
0.13
0.08
0.099
0.03
0.02
0.03
0.09
0.18
0.11
0.11
0.06
0.08

MDR
0.14
0
0.02
0 .04
0.05
0.02
0
0.02
0
0
0
0.03
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