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3 Le2i, Université de Bourgogne, Dijon, France

Abstract. Precancerous lesions are in many situations not visible
during white light gastroendoscopy. Different approaches have been pro-
posed based on light tissue interaction in order to improve the visualiza-
tion by creating false color images. However, these systems are limited to
few wavelengths. In this paper, we propose a multispectral gastroendo-
scopic system and a methodology to identify precancerous lesions. The
multispectral images collected during gastroendoscopy are used to com-
pute statistical features from their spectrum. Pooled variance t-test is
used to rank the features in order to train 3 classifiers with different
number of features. The 3 classifiers are Neural Networks using Gener-
alized Relevance Learning Vector Quantization (GRLVQ), SVM with a
Gaussian kernel and K-nn. The performance is compared based on their
ability to identify precancerous lesions, using as quantitative index the
accuracy, specificity and sensitivity. SVM presents the best performance,
showing the effectiveness of the method.

Keywords: Multispectral imaging,precancerous lesions, gastroendoscopy,
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1 Introduction

The gastric cancer is ranked as one of the most deadly cancers [10], which evo-
lution follows an asymptomatic multistage development. Similar to other types
of cancer, the diagnosis at an early stage is much more preferable, because it
brings better prognosis for the patients. In [4] and [12] are presented in detail the
micro and macroscopic transformations observed in the mucosa. The diagnosis
of gastric pathologies is nowadays based on two steps. The first one is the visual
exploration of gastric mucosa under white light in order to identify suspicious
mucosa and collect biopsies. The second step is the histological analysis from
the collected samples.

In many cases, the precancerous lesions present inconspicuous variations in
texture and color with respect to healthy mucosa. For this reason, practitioners
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acquire biopsies randomly. It would be very useful to be able to detect pre-
malignant mucosa during gastroendoscopic examination, in order to focus the
sampling on suspicious areas. Our goal in this paper is to propose such a tool.

The response of the tissues to light strongly depends on their properties and
on the light spectrum that is used. Some systems already take advantage of this
principle. However, they are limited to few wavelengths. In this work, we propose
a multispectral acquisition system compatible with current gastroendoscopes and
a methodology to identify precancerous lesions from the acquired images.

This paper is organized as follows. Section 2 presents the related work; section
3 details the multispectral gastroendoscopic system that we have developed. Sec-
tion 4 describes the real world data set that we have acquired and the proposed
methodology to identify precancerous lesions, including results and discussion.
Finally, section 6 concludes and perspectives are presented.

2 Related Work

Gastroendoscopy is generally performed under white light. Unfortunately, pre-
cancerous lesions are often not visible using this illumination. Therefore, several
systems have been developed to improve the identification of precancerous le-
sions macroscopically. For instance, external agents such as dyes to highlight
specific features from the mucosa (relief, chemical reaction, fluorescence among
others) are used in chromoendoscopy [13] and fluorescence imaging [3]. Some
other approaches are oriented to increase the spectral resolution of the images.
NBI (proposed by Olympus) and Multi Band Imaging (FICE proposed by Fuji)
are typical examples. These systems enhance the characteristics of the mucosa
by generating a false color image from 2 or 3 monoband images at specific wave-
lengths [18]. Even though this technology is limited to a few bands, it shows
that the detection can be improved by taking into account the wavelength de-
pendency of tissue response. For this reason, we investigate the use of a larger
number of wavelengths to further increase the performance.

Multispectral imaging has had numerous implementations in medical appli-
cations. For instance, it has been used to increase the proportion of anomalies
found in skin and also to identify borders of lesions [16]. Recent approaches have
showed that it is possible to retrieve biological parameters from the tissue under
controlled acquisition conditions [11].

The analysis of the reflectance of gastric tissues using spectroscopy was ad-
dressed in [1]. Additionally, multispectral images of gastric mucosa from ex-vivo
samples have been studied in [6] and [14], showing important differences in the
spectra of light diffused by cancerous and healthy mucosa. Unfortunately, dis-
section has a great impact on the properties of the mucosa, mainly on the blood
concentration, which is reported as a major feature in the identification of malig-
nancies [7]. Given these points, we have two goals. The first one is the develop-
ment of a device capable to acquire multispectral images during gastroendoscopy.
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The second one is the methodology to process these images in order to identify
precancerous mucosa.

3 Multispectral Gastroendoscopic System

The acquisition system that we have developed is presented in figure 1. The light
source is a 175 Watt Xenon lamp, which is filtered by a rotating filter wheel with
six interference filters of 25 mm of diameter. The central wavelengths are 440,
480, 520, 560, 600 and 640 nm with a full width at half maximum of 80 nm. These
bands were selected because the camera is sensitive to these wavelengths. The
filtered light is transmitted into the illumination channel of the gastroendoscope
to illuminate the mucosa. Then, the color gastroendoscopic camera captures the
image of mucosa, which is converted into a video sequence (640 x 480 pixels, 25
fps) by a gastroendoscopic module (Olympus Exera II) and finally recorded in
a computer connected to the gastroendoscopic station. This configuration was
selected because it is possible to use the gastroendoscopic camera.

Fig. 1. Acquisition system and example of the multispectral image acquired during
gastroendoscopy

The acquired gastroendoscopic video is deinterlaced using Yadif algorithm [9].
Then, the frames containing each monoband images are extracted in order to
create a multispectral image of 6 different wavelengths.

4 Identification of Precancerous Lesions

This section describes the procedure applied to the acquired multispectral images
to differentiate the malignancies. It presents the registration between monoband
images, the normalization of spectral data with the computation of statistical
features and finally, the classification to differentiate malignancies.

We have acquired multispectral images of gastric mucosa from 17 patients for
whom gastroendoscopic images do not show any visible lesion under white light.
During the acquisition, a set of 4 biopsies were collected from the small and big
curvature of the stomach for histological analysis. The results show 12 healthy
subjects, 4 with precancerous lesions and 1 with both diagnoses in different areas
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of the stomach. A total of 102 multispectral images were recorded, from which
74 have a healthy profile and 28 correspond to precancerous diagnosis.

4.1 Monoband Image Registration

In our application, we use six monoband images in order to obtain one multispec-
tral image. During acquisition, involuntary movements of the stomach induce a
deformation of the mucosa. Thus, the registration between successive monoband
images is crucial to reduce the deformation in the images. This is not a trivial
task due to the high homogeneity of gastric mucosa and the intensity variations
caused from changes in the illumination and the moist environment. These char-
acteristics make the monoband images not compliant with standard methods for
registration.

The proposed registration starts by using the CLAHE algorithm [19] to en-
hance the contrast of the monoband images. Then, we model the deformation
between two monoband images by an affine transformation, which is computed
using hierarchical motion-based estimation [2]. Later on, the monoband image
at 560 nm is used as a reference to register the rest of the monoband images. Fi-
nally, the computed transformations are applied to the original data to produce
a new set of six registered monoband images. In figure 2 is presented the calcu-
lated white light image resulting from the overlap of monoband images before
and after registration. Even though the registration is not perfect, the registered
image is clearly sharper.

Fig. 2. Virtual white light image computed from a) original monoband images and b)
registered monoband images

4.2 Normalization and Computation of Features

We now describe the process to normalize the spectral data and to calculate
their statistical features.

Let us define the spectrum in each pixel of the multispectral image as a
vector x = { x1, x2, ..., x6} . The total intensity, defined as s =

∑6
i=1 xi is
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affected by the distance and orientation between the camera and the mucosa.
So, for classification we normalize the spectrum with w = xi

s , in order to use the
spectral shape and not the amplitude.

For clarification, a region of interest is selected by the user, from which we
sample randomly 20 patches Y [i, j, l] of size 5 x 5 pixels, where i, j ∈ { 1, 2, ..., 5}
and l ∈ { 1, 2, ..., 6} . Then, we compute the mean spectrum of all patches, as is
presented in equation 1.

z =
1

20 ∗ 52
20∑

k=1

5∑

i=1

5∑

j=1

wijk (1)

Since the shape of the spectrum encodes unique characteristics of the mucosa,
we can consider it as a probability distribution that can be described using statis-
tical measurements [5]. We propose to generate a descriptor T = { f1, f2, ..., f14}
containing the normalized intensities and statistical features computed from z.
The complete list of features is given in table 1, which rank is described in the
next section.

Table 1. Rank of features and calculation formula

Rank Feature Formula

1 Mean of absolute deviation 1
n

∑n
i=1 | zi −mean(z) |

2 Mean deviation about median 1
n

∑n
i=1 | zi −median(z) |

3 Standard Deviation σ(z)
4 Median of absolute deviation MAD(z)
5 Variance σ2(z)
6 520 nm

7 Entropy [15] −∑n
i=1(

ki
N
log ki

N
) + logΔz

8 480 nm
9 Kurtosis ( 1

n

∑n
i=1(zi − z̄)4)/( 1

n

∑n
i=1(zi − z̄)2)2

10 440 nm
11 640 nm
12 560 nm

13 Skewness ( 1
n

∑n
i=1(zi − z̄)3)/( 1

n

∑n
i=1(zi − z̄)2)

3
2

14 600 nm

4.3 Classification

We now describe the procedure to differentiate the premalignant mucosa.
Each multispectral image is characterized by a descriptor Ti. They are used

to define separation rules RT : H �→ G, where G ∈ { healthy, precancerous}
and H is the space of the samples T .

The classification is based on two steps. The first one is the evaluation and
ranking of features; we score the information provided by each of them based on
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pooled variance t-test [8], taking as assumption a normal distribution and equal
variance between classes. The features are ranked according to their contribution
in the discrimination between the two classes G.

The second step is the classification based on 3 classifiers. These are Neural
Networks approach using Generalized Relevance Learning Vector Quantization
(GRLVQ) [17], Support Vector Machine (SVM) using a Gaussian kernel and
K-nn. The classifiers were trained using different numbers of features, increasing
progressively by order of rank.

Concerning the database, we resample the multispectral images from precan-
cerous lesions in order to balance the database, obtaining a similar number of
samples for each class.

Due to the small number of samples, leave-one-out-cross-validation (LOOCV)
was used to separate the data in testing and training sets in order to evaluate
the classifiers. The principle is that a patient is removed from the dataset, then,
the classification is performed on the remaining patients. Finally, the removed
patient is used for testing. This procedure was repeated with all the patients.

It has to be noted that at each iteration of LOOCV, the training set is different
in order to avoid introduction of a bias. In consequence, the ranking has to be
performed in each iteration. In practice, one observes that the obtained rankings
are highly similar. The final rank of features to test new data is presented in
table 1, which is the result from the majority voting of all the rankings obtained.

The quantitative performance of the classification is evaluated using accuracy,
sensitivity and specificity. Accuracy is the percentage of samples correctly clas-
sified. The sensitivity is the percentage of wounded mucosa which is correctly
identified. Specificity, on the other hand, is the percentage of healthy mucosa
which was classified as healthy [3].

Figure 3.a presents the features as ranked in table 1, showing the mean results
from the t-test to differentiate the mucosa from all the iterations of LOOCV.
The rank presented in table 1 shows features without a biological interpretation
as top classed. However, the exception is the band at 520 nm because it contains
the information from the blood peak absorption, which is around 540 nm.

In figure 3(b-d) is presented the performance of the classifiers after being
trained with different number of features. We can observe that the performance
of the classifiers varies depending on the number of features used. Table 2 shows
the best performance for each classifier, taking in consideration less number of
features used to produce the higher sensitivity and accuracy. K-nn shows in
general a low performance for this application. NN is more sensitive to malig-
nancies with a significant accuracy using 8 features. On the other hand, SVM
presents the best performance using 2 features, showing that spectrums have
high separability using simple statistical features. Since we are interested in the
identification of malignancies, samples tagged as precancerous from a classifier
with high sensitivity are considered candidates for biopsy. For these reasons,
SVM can be considered as the best option of this application.
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Fig. 3. a) T-test results for the features ranked in table 1. The classifiers were tested
using different number of features, increased progressively by order of rank. The quan-
titative measurements include b) accuracy, c) sensitivity and d) specificity.

Table 2. Best performance for each classifier

Classifier Number of features Accuracy Specificity Sensitivity

SVM 2 0.77 0.62 0.91
NN 8 0.72 0.59 0.85
k-nn 4 0.62 0.63 0.61

5 Conclusion

In this paper we have presented a multispectral gastroendoscopic system compat-
ible with current gastroendoscopes. Our objectives are to acquire multispectral
images during gastroendoscopy and to process these images in order to differ-
entiate between healthy and precancerous mucosa. The qualitative evaluation
of identification results shows encouraging results, where the classification using
SVM shows the best performance in the identification of precancerous lesions.

The future improvements in the detections are oriented to build a system
where the monoband images are acquired simultaneously in order to achieve per-
fect matching between them. Additionally, the inclusion other classifiers, such
as boosting approaches should be investigated since they can combine the ad-
vantage from different classifiers. Thanks to these improvements, we hope to be
able to identify different stages of the gastric cancer development, which will be
very useful to physicians.
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