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Abstract

Wireless capsule endoscope allows painless endoscopic imaging of the gastrointestinal track of humans. However,
the whole procedure will generate a large number of capsule endoscopy images (CEIs) for reading and recognizing. In
order to save the time and energy of physicians, computer-aided analysis methods are imperatively needed. Due to the
influence of air bubble, illumination, and shooting angle, however, it is difficult to classify CEIs into healthy and diseased
categories correctly for a conventional classification method. To this end, in the paper, a new feature extraction method is
proposed based on color histogram, wavelet transform, and co-occurrence matrix. First, an improved color histogram is
calculated in the HSV (hue, saturation, value) space. Meanwhile, by using the wavelet transform, the low-frequency parts
of the CEIs are filtered out, and then, the characteristic values of the reconstructed CEIs’ co-occurrence matrix are
calculated. Next, by employing the proposed feature extraction method and the BPNN (back propagation neural
network), a novel computer-aided classification algorithm is developed, where the feature values of color histogram
and co-occurrence matrix are normalized as the inputs of the BPNN for training and classification. Experimental results
show that the accuracy of the proposed algorithm is up to 99.12% which is much better than the compared
conventional methods.
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1 Introduction
In 2001, the world’s first wireless capsule endoscopy system
was approved by the US Food and Drug Administration
for use in clinical practice [1], which allows painless endo-
scopic imaging of the gastrointestinal track of humans.
During the inspection process, however, a large number of
capsule endoscopy images (CEIs) will be produced. The
CEIs used in the paper are provided by the Hangzhou
Hitron Technologies Co., Ltd., whose independently devel-
oped HT-type wireless capsule endoscope system presents
a shooting frequency of 2 frames per second. Therefore,
57,600 CEIs will be generated after 8 h of work. It will cost
much time and energy if these CEIs are read and recog-
nized by physicians. Thus, it is imperative to develop an
efficient computer-aided analysis method being able to
automatically classify CEIs with high correctness.

Generally, the features of a CEI include shape, color,
and texture. It is noted in [2] that the features employed
for classification will directly affect the final discrimin-
ation performance. In [2], the author chooses the color
moment and gray-level co-occurrence matrix as image
features. In [3], the word-based color histogram features
are extracted from YCbCr color space, and then, the
support vector machine is used as the classifier. In [4],
the texture features based on gray-level co-occurrence
matrix are employed from the discrete wavelet transform
sub-bands in the HSV spaces. In [5], the CEIs are
color-rotated so as to boost the chromatic attributes of
ulcer areas and the ULBP features of the CEIs are ex-
tracted from the RGB space. The authors of [6] propose
a method for distinguishing diseased CEIs from healthy
CEIs based on contourlet transform and local binary
pattern (LBP). The authors of [7] extract five color
features in the HSV color space to differentiate between
healthy and non-healthy images. In [8], an automatic
detection method is proposed based on color statistical
features extracted from histogram probability. It is worth
mentioning that these feature extraction methods are
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either based on the full image or its low-frequency part,
and no consideration is taken into the middle and
high-frequency parts of the images that actually contain
abundant texture information. Very recently, the authors
of [9] investigated the wireless capsule endoscopy video
and proposed a detection method based on higher and
lower order statistical features.
The rest of the paper is organized as follows: Section 2

describes the classification algorithm proposed in the
paper. Section 3 details the feature extraction method
used for extracting color and texture features,
respectively. In Section 4, the construction of the
BPNN is explained. Section 5 reports experimental
results. Finally, the concluding remarks are presented
in Section 6.

2 Methods
It is well known that CEIs contain rich color and
texture information. The lesion and non-lesion areas
have significant color and texture differences. To this
end, in the paper, a novel feature extraction method
based on the color histogram, wavelet transform, and
co-occurrence matrix is developed with the aim of
improving the classification accuracy. The color and
texture features are, respectively, extracted by the im-
proved color histogram and the co-occurrence matrix
based on wavelet transform. The CEIs used in the
paper are divided into the training and testing sets.
CEIs in the training set are used to train the BPNN
(back propagation neural network), and those in the
testing set are used for classification. The extracted
feature values of the CEIs in the training set are nor-
malized as the inputs of the BPNN and the classifica-
tion results of the testing set are achieved by the
trained BPNN. Simulation experiments show that the
proposed algorithm can effectively divide the CEIs
into two categories, i.e., healthy and diseased images,
with high correctness.
As shown in Fig. 1, the algorithm proposed in the

paper includes three steps: (1) extracting the color
features: (a) transforming the CEIs from the RGB to
HSV spaces, (b) calculating the color histogram after
quantization, and (c) selecting the appropriate bins
and then constructing the color feature vector; (2)
extracting the texture features: (a) selecting the
middle and high-frequency sub-bands and then
reconstructing images through the wavelet transform,
and (b) computing the characteristic values of the co-
occurrence matrix and constructing the texture
feature vector; (3) training and then classification: (a)
normalizing the color and texture features of the
training images and then training the BPNN and (b)
using the trained BPNN to classify the testing images.

3 Feature extraction
3.1 Extracting color features
Since conventional color histogram [10] has a high
feature dimension, and thus is not conducive to
classification, an improved color histogram method is
proposed and used to extract the color features of the
CEIs. It is known that the HSV color space is a kind
of natural representation color model and thus can
better reflect the physiological perception of the
human eyes [11]. Therefore, it is proposed that the
H, S, and V components are quantified nonuniformly
according to the color perception characteristics of
humans in the HSV color space. Then, the color
histogram is calculated, followed by the construction
of the color feature vector after selecting the appro-
priate bins from the calculated color histogram.
The H, S, and V components of a CEI denoted,

respectively, by h, s, and v, are quantified by using
Eq. (1) [12].

Fig. 1 Flow chart of the proposed algorithm
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hq ¼

0 if h∈ 315; 20ð �
1 if h∈ 20; 40ð �
2 if h∈ 40; 75ð �
3 if h∈ 75; 155ð �
4 if h∈ 155; 190ð �
5 if h∈ 190; 270ð �
6 if h∈ 270; 295ð �
7 if h∈ 295; 315ð �

8>>>>>>>>>><
>>>>>>>>>>:

sq

¼
0 if s∈ 0; 0:2ð �
1 if s∈ 0:2; 0:7ð �
2 if s∈ 0:7; 1ð �

8<
: vq

¼
0 if v∈ 0; 0:2ð �
1 if v∈ 0:2; 0:7ð �
2 if v∈ 0:7; 1ð �

8<
:

ð1Þ
In order to reduce the feature dimension, the three color

components are synthesized into a one-dimensional
feature vector ϕ [13], giving

ϕ ¼ hqQsQvþ sqQvþ vq; ð2Þ

where Qs and Qv are the quantitative levels of S and V
components, respectively. According to the quantitative
levels calculated by Eq. (1), Qs and Qv are set to 3, and
then, Eq. (2) can be rewritten as

ϕ ¼ 9hq þ 3sq þ vq; ð3Þ

where ϕ ∈ [0, 1, 2, … , 71]. According to Eq. (3), we can
obtain a characteristic histogram with 72 bins.
Figure 2 presents the quantified color histogram of the

case image Q. Here, the case image Q is randomly se-
lected from the diseased images in the training set. In
Fig. 2, Fϕ represents the ratio of numbers of the pixels
with characteristic value ϕ to the number of all the
pixels in the image matrix after quantization. Of note is

that the dimension of Fϕ is still high, and the 72 charac-
teristic values contain lots of 0, causing redundancy and
thus being not conducive to classification. To this end,
an improved color histogram is proposed. In the paper,
30 healthy and 30 diseased CEIs are randomly selected
as the sample images to calculate their color histograms.
For a CEI, if Fϕ > 1/72, the corresponding ϕ is recorded.
Thus, less than 72 values would be recorded. In the
paper, for a CEI, only the largest 15 values of Fϕ are se-
lected and then constructed as the color feature vector.
By employing this method, we can obtain the color fea-
ture vector of the case image Q as given in Eq. (4).

Fcolor ¼ ½F1; F2; F3; F5; F6; F10; F11; F14; F23; F28;

F37; F46; F47; F56; F65�
ð4Þ

3.2 Extracting texture features
It is known that the lesion areas of a CEI are signifi-
cantly different from those of non-diseased regions.
Therefore, extracting texture features of CEIs is of cru-
cial importance to the design of a practical classification
algorithm. In the paper, the pyramid wavelet decompos-
ition is adopted and the Daubechies function is chosen
as the basis function of wavelet transform which are
widespread employed in the literature, e.g., [9, 10]. Fig-
ure 3 is a schematic diagram of the case image Q, where
a three-level wavelet decomposition is used. Denote by

Qi ¼ Lα
i;Hβ

i
� �

; i ¼ 1; 2; 3α ¼ 1; 2; 3β ¼ 1;…; 9;

ð5Þ
the decomposed version of the case image Q, where L de-
notes the low-frequency parts of the horizontal and vertical

(a) (b)
Fig. 2 The color histogram of the case image Q: a case image Q and b quantized color histogram of the case image Q
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components of a CEI, H denotes the corresponding middle
and high-frequency parts, α represents the decomposition
level, β stands for the wavelet band, and i represents the
color channel.
Note that conventional computer-aided analysis methods

mostly operate on the low-frequency band. However, the
texture and edge information are mainly concentrated on
the middle and high-frequency bands. Therefore, in the
paper, the middle and high-frequency sub-bands are
selected to reconstruct the image, and then, the texture in-
formation is extracted accordingly. Let Oi be the recon-
structed CEI. For each color channel, we have

Oi ¼ IDWT Hβ
i

� �
; i ¼ 1; 2; 3 β ¼ 1; 2;⋯; 9 :

ð6Þ

Here, IDWT{⋅} denotes the inverse discrete wavelet
transformation, β stands for the wavelet band, and i rep-
resents the color channel.
Calculate the co-occurrence matrix Wθ

T ðm; nÞ of the R,
G, and B channels of the reconstructed CEI, where T ∈ {R,
G, B}, the value of pixel pair (m, n) of the co-occurrence
matrix represents the number of occurring times of the
two pixels with distance d and having color levels m and n
at a given direction θ. In practice, θ is commonly set to 0°,
45°, 90°, or 135°. It reflects not only the distribution char-
acteristic of brightness, but also the position distribution
characteristic of pixels with the same or similar brightness.
It is the two-order statistical feature of the change of
image brightness [14]. Next, normalize the co-occurrence
matrix and let wθ

T ðm; nÞ be the value of a pixel pair (m, n)
of the normalized co-occurrence matrix, where T ∈ {R,G,
B} and θ ∈ {0∘, 45∘, 90∘, 135∘}.

In the paper, we select four commonly used features,
namely, angular second moment, contrast, entropy, and
correlation, from all the features of the co-occurrence
matrix [15]. The angular second moment, contrast, en-
tropy, and correlation, respectively, represent the homo-
geneity, inertia, randomness and directional linearity of the
co-occurrence matrix, and are defined, respectively, as

Eθ
T ¼

XD
m¼1

XD
n¼1

wθ
T m:nð Þ� �2 ð7Þ

IθT ¼
XD
m¼1

XD
n¼1

m−nð Þ2wθ
T m; nð Þ ð8Þ

Πθ
T ¼ −

XD
m¼1

XD
n¼1

wθ
T m; nð Þ logwθ

T m; nð Þ ð9Þ

Aθ
T ¼

XD
m¼1

XD
n¼1

m:nð Þwθ
T m; nð Þ−μθ1μθ2

σθ1σ
θ
2

ð10Þ

where μθ1, μ
θ
2, σ

θ
1, and σθ2 are defined as the following:

μθ1 ¼
XD
m¼1

m
XD
n¼1

wθ
T m; nð Þ; ð11Þ

μθ2 ¼
XD
n¼1

n
XD
m¼1

wθ
T m; nð Þ; ð12Þ

σθ1 ¼
XD
m¼1

m−μ1
θ

� �2 XD
n¼1

wθ
T m; nð Þ; ð13Þ

(a) (b)
Fig. 3 A schematic diagram of the case image Q of a three-level wavelet decomposition: a case image of wavelet decomposition and b schematic
diagram of a three-level wavelet decomposition

Ji et al. EURASIP Journal on Image and Video Processing         (2019) 2019:55 Page 4 of 7



σθ2 ¼
XD
n¼1

n−μθ2
� �2 XD

m¼1

wθ
T m; nð Þ: ð14Þ

Here, D is the maximum color level of a CEI. It is
worth mentioning that homogeneity, inertia, random-
ness, and directional linearity of co-occurrence matrix
are widespread employed to construct the texture fea-
ture vector of CEIs in the literature, e.g., references [2,
4], and the references therein.
In the paper, d = 1 is assumed. According to the charac-

teristic values calculated above, the texture feature vector
of a CEI can be constructed by

ZT ¼ Eθ
T ;

cEθ
T ; I

θ
T ;

bIθT ; Πθ
T ;

dΠθ
T ;A

θ
T ;

cAθ
T

h i
; ð15Þ

where Xθ
T ¼

X
θ∈f0∘;45∘;90∘;135∘g

Xθ
T

4 , cXθ
T ¼ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX

θ∈f0∘;45∘;90∘;135∘g
ðXθ

T−X
θ
T Þ

2

4

vuut
, X ∈ {E, I,Π, A}, T ∈ {R,G, B},

andθ ∈ {0
∘, 45∘, 90∘, 135∘}.

The eight-dimensional texture features of the R, G,
and B channels obtained above are added correspond-
ingly as the final extracted texture features, and the
expression is given by Eq. (16).

F texture ¼ ZR þ ZG þ ZB ð16Þ

4 Training and classification
BPNN is a feedforward neural network with a tutor, hav-
ing strong nonlinear mapping ability and a flexible net-
work structure. The main idea behind the proposed

algorithm is to use the samples of the known results to
train the network, and then adopt the trained network to
recognize and classify the images. The BPNN consists of
the input, hidden and output layers. The hidden layer can
have one or multiple layers. Neurons in adjacent layers are
connected by weights, but there is no connection between
the neurons in each layer. The structure of the commonly
used three-layer BPNN is shown in Fig. 4.
The training phase of BPNN is mainly divided into two

steps: forward and backward propagation steps. During
the forward propagation step, the feature values of the
training samples reach the hidden layer through the non-
linear transformation from the input layer and then to the
output layer, leading to the output results. Compare the
output results with the expected outputs, if they are not
equal, then enter the step of back propagation.
During the backward propagation step, the error
signals propagate layer by layer from the output layer
to the input layer through the hidden layer and
reduce errors by adjusting weights. In principle, the
BP algorithm uses the square of the network errors
as the objective function and uses the gradient des-
cent method to calculate the minimum value of the
objective function.

5 Results and discussion
The experiment was conducted through MATLAB
R2016a. The Daubechies function is chosen as the
basis function of the wavelet transform, and the max
decomposition level is set to 3. The comprehensively
extracted color features and texture features are
finally used as the BPNN input feature vectors as
given in Eq. (17).

Fig. 4 The structure of a three-layer BPNN
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F ¼ Fcolor; F texture½ � ð17Þ
The image library in this paper is provided by the

Hangzhou Hitron Technologies Co., Ltd., including 1251
stomach capsule clinical images; the resolution is 480 ×
480; and the image format is bmp. Among the images,
there are 135 diseased and 1116 healthy images. In each
experiment, 108 diseased and 893 healthy images are
randomly selected to form a training set with a total
number of 1001, and the remaining 250 images are used
as the BPNN testing set. According to the previous ex-
perience, as long as there are suitable hidden layer
nodes, a neural network with a single hidden layer can
approximate any continuous function on the bounded
domain with arbitrary precision. Therefore, the number
of layers of the BPNN is set to 3 in the experiment. The
number of hidden nodes is usually given by empirical
formula [16]

ω ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
M þ P

p þ δ; ð18Þ
where M and P denote the number of input and output
layer nodes, respectively, and δ is a constant and its
value is between 1 and 10. In the experiment, M = 23
and P = 1 are assumed, and thus, ω is an integer ranged
from 6 to 15. Set the learning rate, the maximum train-
ing epoch, and the expected training error to 0.01, 5000,
and 0.0001, respectively. The experiment was carried out
with different ω values within the range. Figure 5 pre-
sents some selecting experimental results that can give
insights on how to set the value of ω.

It can be observed from Fig. 5 that ω is appropriately
set to 15 in the following experiments. The classification
results of the proposed algorithm are compared with the
existing methods, as shown in Table 1, where the values
of TPR (true positive rate) and TNR (true negative rate)
are calculated by Eqs. (19) and (20).

TPR ¼ the number of images correctly recognized as diseased
the number of diseased images

ð19Þ

TNR ¼ the number of images correctly recognized as healthy
the number of healthy images

ð20Þ

“Method 1” means that in each channel of the image
in the HSV space, the wavelet transform is used to select
the L, H4,H5, and H6 bands while the max decompos-
ition level is set to 2 and the images are reconstructed
accordingly, then compute the characteristic values of
the co-occurrence matrix of the images and use the
BPNN to recognize [4]. “Method 2” means that the ex-
tracted features will be filtered according to the average
influence value and then classified by SVM [2]. “Method
3” and “Method 4” choose Fcolor and Ftexture as the input
of BPNN. It confirmed that the proposed method is su-
perior to the existing methods in terms of both practic-
ability and accuracy, and its accuracy of 99.12% can well
meet the clinical requirements.

Fig. 5 Comparison of classification results of BPNN with different ω values
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6 Conclusion
The paper proposed a novel method to extract image fea-
tures for the classification of capsule endoscopy images,
where the color histogram is used to extract the color
features and the gray-level co-occurrence matrix based on
wavelet transform is used to extract the texture features.
Using the BPNN classifier, the proposed method achieves
an accuracy of 99.12%, which is superior to the existing
methods. During the investigation, an interesting and
practical problem arises, how to recognize or classify the
types of diseases according to the provided CEIs, which
will be investigated in our future work.
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