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Abstract. Image enhancement technologies, such as chromoendoscopy and dig-
ital chromoendoscopy were reported to facilitate the detection and diagnosis of
colonic polyps during endoscopic sessions. Here, we investigate the impact of
enhanced imaging technologies on the classification accuracy of computer-aided
diagnosis systems. Specifically, we determine if image representations obtained
from different imaging modalities are significantly different and experimentation
is performed to figure out the impact of utilizing differing imaging modalities
in the training and validation sets. Finally, we examine if merging the images of
similar imaging modalities for training the classification model can be effectively
applied to improve the accuracy.
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1 Introduction

Image enhancement technologies, such as chromoendoscopy and digital chromoen-
doscopy (such as narrow band imaging (NBI), Pentax’s i-Scan or Fujinon’s FICE), have
become largely available in daily practice. These technologies apply different strategies
to facilitate detection and histological prediction of colonic polyps compared to tradi-
tional white-light (WL) endoscopy and can be subdivided into conventional chromoen-
doscopy and digital chromoendoscopy:

1. Conventional chromoendoscopy (CC) came into clinical use 40 years ago. Stain-
ing the mucosa using (indigocarmine) dye spray enables an easier detection and
classification of colonic polyps.

2. Digital chromoendoscopy is a technique to facilitate “chromoendoscopy without
dyes” [18] and can be subdivided in optical (NBI) and virtual chromoendoscopy
(FICE, iScan):

– Optical chromoendoscopy: In NBI, narrow bandpass filters are placed in front
of a conventional white-light source to enhance the detail of certain aspects of
the surface of the mucosa.



– Virtual chromoendoscopy: The i-Scan (Pentax) image processing technology
[20] is a digital contrast method which consists of combinations of surface en-
hancement, contrast enhancement and tone enhancement. i-Scan 1 performs
surface enhancement augmenting pit patterns and surface details, providing as-
sistance to the detection of dysplastic areas. This mode enhances light-to-dark
contrast by obtaining luminance intensity data for each pixel and adjusting it
to accentuate mucosal surfaces. i-Scan 2 expands on i-Scan 1 and additionally
performs tone enhancement. It assists by intensifying boundaries, margins, sur-
face architecture and difficult-to-discern polyps. i-Scan 3 is similar to i-Scan 2
with increased illumination and emphasis on the visualization of vascular fea-
tures. This mode focuses on accentuating the vascular architecture.
The FICE system (Fujinon) decomposes images by wavelength and then di-
rectly reconstructs images with enhanced mucosal surface contrast.
Both systems (i-Scan and FICE) apply post-processing to the reflected light.

In this work, we are primarily interested in traditional WL endoscopy, the i-Scan
technology and chromoendoscopy, as imaging modalities (all using HD endoscopes).
Clinical studies about the effectiveness of these image enhancement technologies for
the detection and classification of colonic polyps came to the following conclusions:
In [16], it was shown that in case of HD endoscopes, chromoendoscopy and i-Scan
are better suited for the detection and prediction of neoplastic lesions than traditional
WL endoscopy. In [1], the prediction rates for small colonic polyps were compared us-
ing HD endoscopy, once again using either WL endoscopy, chromoendoscopy or the
i-Scan technology. In this study, no significant differences were found between the re-
sults of the three imaging technologies. In [2], NBI, i-Scan and WL endoscopy were
used for the histological prediction of diminutive colonic polyps, once again using HD
endoscopes. In this study, NBI and i-Scan showed distinctly higher results than WL
endoscopy. Outcomes with NBI and i-Scan were similar. All of these three studies re-
ported higher results in case of the i-Scan technology compared to traditional WL en-
doscopy, although in one of the studies no significant difference was found. Based on
these studies, the i-Scan technology can be considered as equivalent to NBI and chro-
moendoscopy when HD endoscopes are used. In [2, 27], HD endoscopy combined with
i-Scan was compared with standard (low definition) WL endoscopy. It was found that
HD endoscopy in combination with i-Scan achieves significantly higher detection rates
compared to standard WL endoscopy.

Previous works on the computer assisted diagnosis of colonic polyps based on
highly detailed images can be divided in three categories, depending on the used en-
doscopes and imaging modalities:

1. High definition endoscopy combined with the i-Scan technology and with or with-
out staining the mucosa [11, 8]

2. High-magnification endoscopy combined with NBI [26, 7]
3. High-magnification chromoendoscopy [13, 10]



1.1 Contribution

In this work, we compare the prediction rates utilizing traditional WL endoscopy, chro-
moendoscopy, i-Scan and combinations of these imaging modalities. In contrast to pre-
vious works about the impact of different imaging modalities, automated diagnosis sys-
tems are deployed for the classification of the polyps instead of a manual classification
performed by endoscopists. The authors of previous work on classifying colonic polyps
based on HD-endoscopy in combination with WL endoscopy, chromoendoscopy and
i-Scan came to the conclusion that chromoendoscopy complicates the differentiation
of colonic polyps whereas i-Scan rather facilitates the differentiation of polyps [11, 8].
Compared to these previous literature, our study is based on a distinctly larger number
of different feature extraction methods, where each of these methods has already proven
to be suited for the classification of colonic polyps in literature.

This study should answer three questions:

– Q1: Do the image representations differ between different modalities? This is first
theoretically answered by applying a statistical test and then practical implications
are considered by performing classifier training and evaluation based on different
modalities.

– Q2: Should samples (from similar modalities) be collected for classifier training to
obtain a larger training corpus exhibiting larger variability? Whereas Q1 is mainly
of theoretical interest, Q2 should provide practically relevant outcomes.

– Q3: Which imaging modalities are best suited for the automated classification of
colonic polyps.

2 Colonic Polyps Classification

Colonic polyps constitute a frequent finding and are known to either develop into can-
cer or to be precursors of colon cancer. Hence, an early assessment of the malignant
potential of such polyps is important as this can lower the mortality rate drastically.
As a consequence, a regular colon examination is recommended, especially for people
at an age of 50 years and above. The current gold standard for the examination of the
colon is colonoscopy. Modern endoscopic devices are able to take digital pictures or
videos from inside the colon, allowing for a computer-assisted analysis with the goal of
detecting and diagnosing abnormalities.

Colonic polyps are categorized into hyperplastic, adenomatous and malignant polyps.
To determine a diagnosis based on the visual appearance of colonic polyps, the pit pat-
tern classification scheme was proposed [22]. A pit is an opening of a colorectal crypt
and the shape of a pit is denoted as pit pattern. The pit pattern classification scheme
differentiates between six types. Type I (normal mucosa) and II (hyperplastic polyps)
are characteristics of non-neoplastic lesions, type III-S, III-L and IV are typical for
adenomatous polyps and type V is strongly suggestive to malignant cancer.

This classification scheme allows to differentiate between normal mucosa and hy-
perplastic lesions, adenomas (a pre-malignant condition), and malignant cancer based
on the visual pattern of the mucosal surface. The removal of hyperplastic polyps is un-
necessary and the removal of malignant polyps may be hazardous. Thus, the three-class



scheme is useful to decide which lesions need not, which should, and which most likely
must not be removed endoscopically. For these reasons, assessing the malignant poten-
tial of lesions at the time of colonoscopy is important, as this would allow to perform
targeted biopsy. Apart from the three-classes case, the two-class classification scheme
differentiating between non-neoplastic (pit pattern I and II) and neoplastic lesions (pit
pattern III-V) is quite relevant in clinical practice [17]. Since the number of images
showing malignant cancer is limited, we are only able to consider the two-classes case
and have to omit the three-classes case.

The highly detailed images utilized in this work are gathered with high definition
(HD) endoscopes based on traditional WL endoscopy, the i-Scan technology, chro-
moendoscopy as well as combinations of these image enhancement technologies.

In Fig. 1 images of an adenomatous polyp are shown, captured with eight different
combinations of imaging modalities. Fig. 1(a) shows the polyp using traditional WL en-
doscopy, (b,c,d) in combination with different i-Scan modes, (e) with chromoendoscopy
and (f,g,h) with combinations of chromoendoscopy and the i-Scan technology.

(a) WL endoscopy (b) i-Scan 1 (c) i-Scan 2 (d) i-Scan 3

(e) C (f) C+i-Scan1 (g) C+i-Scan2 (h) C+i-Scan3

Fig. 1: Images of a polyp using i-Scan and/or conventional chromoendoscopy (C)

3 Feature Extraction Methods

In this section we briefly describe the ten feature extraction methods utilized to differ-
entiate between non-neoplastic and neoplastic lesions. All ten methods have proven to
be well suited for the diagnosis of colonic polyps in literature.



3.1 CNN [25]:

For this method, a convolutional neural network (CNN) pre-trained on the ImageNet
ILSVRC challenge data (http://www.image-net.org/challenges/LSVRC/
is used as a fixed feature extractor. As CNN we deploy the VGG-f net from [3]. The
images are fed through the CNN and the outputs of the first fully connected layer are
extracted as feature.

3.2 Delaunay [10]:

The first step of this method is to detect pits in the image using a local binary patterns
operator. Based on the detected pit candidates, a Delaunay triangularization is computed
and the edge length of the resulting triangles is utilized for classification of the colonic
polyps. This method was especially developed for the classification of polyps based on
zoom-endoscopic imagery.

3.3 BlobShape [8]:

A segmentation similar to the watershed transformation is deployed to segment the im-
age in connected regions (blobs), which model the pits and peaks of the pit pattern
structure. Three shape features and one contrast feature are extracted from the detected
blobs and histograms are computed based on these features. This method was devel-
oped for the classification of polyps using HD endoscopy combined with the i-Scan
technology and/or chromoendoscopy.

3.4 BALFD [12]:

The blob-adapted local fractal dimension (BA-LFD) is derived from the local fractal
dimension (LFD) [28], a feature analysing changes in the intensity distribution in ex-
panding circle shaped regions. In the BA-LFD approach, these regions are elliptic and
the shape and size of the regions is adapted to the local texture structure. The feature
vector of an image consists of the histograms of the BA-LFD’s. Like the previously
described method, this method was developed for the classification of polyps using HD
endoscopy combined with the i-Scan technology and/or chromoendoscopy.

3.5 BSAGLFD [14]:

The blob shape adapted gradient LFD (BSAGLFD) approach combines the BALFD
and the BlobShape approach and turned out to achieve distinctly higher classification
rates for the classification of colonic polyps than its two components. The BALFD and
the BlobShape approach are applied to the original image as well as to the gradient
magnitude image and the concatenation of the resulting features (using different weight
factors for the BA-LFD and the BlobShape features) gives the feature vector of the
BSAGLFD approach.

3.6 DT-CWT-Weibull [23]:

The dual-tree complex wavelet transform (DT-CWT [19]) is a multi-scale and multi-
orientation wavelet transform. The DT-CWT is applied using four decomposition lev-
els. The feature extraction step is based on fitting a two-parameter Weibull distribution



to the coefficient magnitudes of the DT-CWT sub-bands. The concatenation of the ex-
tracted Weibull features from all subbands gives the final feature vector of an image.
Extracting Weibull features from DT-CWT, Gabor wavelet transform or shearlet trans-
form subbands turned out to be highly suited for the classification of colonic polyps in
[29].

3.7 GWT-Weibull [29]:

The Gabor wavelet transform [24] is a multi-scale and multi-orientation wavelet trans-
form. As for the DT-CWT, four decomposition levels are used and the subbands are
fitted using the two-parameter Weibull distribution.

3.8 Shearlet-Weibull [29]:

The shearlet transform [4] is based on the wavelet theory, but it offers more directional
selectivity than wavelet transforms and a higher flexibility. The shearlet transform is
applied using four decomposition levels with eight directions per decomposition level
resulting in 32 subbands. Like for the two wavelet approaches, the final feature vector
consists of the Weibull parameters extracted from the subbands.

3.9 LCVP[9]:

Multi-scale local color vector patterns (LCVP) is based on local binary patterns (LBP).
Whereas the LBP operator is applied to each color channel separately, LCVP constructs
a color vector field from an image. Based on this field, the LCVP operator computes
the similarity between neighboring pixels.The resulting image descriptor is a compact
1D-histogram. This method was especially developed for the classification of polyps
using zoom-endoscopic imagery using chromoendoscopy.

3.10 VesselFeature [7]:

In this approach, the blood vessel structure on polyps is segmented by means of the
phase symmetry [21]. Eight features are computed describing the shape, the size, the
contrast and the underlying color of the segmented vessels. This method is especially
designed to analyze the vessel structures of polyps in NBI images and is potentially
not suited for imaging modalities that are not designed to highlight the blood vessel
structure.

4 Experimental Setup and Results

4.1 Experimental Setup

The eight image databases are acquired by extracting patches of size 256 x 256 from
frames of HD-endoscopic (Pentax HiLINE HD+ 90i Colonoscope) videos. Most of the
videos contain sequences from each of the eight imaging modalities (with or without
i-Scan and with or without staining) but in some of the videos only a subset of the eight
imaging modalities occur. Table 1 lists the number of images and patients per class for
the eight databases, where each of the eight image databases is acquired under different



No staining Staining
i-Scan mode ¬i-Scan i-Scan 1 i-Scan 2 i-Scan 3 ¬i-Scan i-Scan 1 i-Scan 2 i-Scan 3
Non− neoplastic
Number of images 47 33 25 39 66 69 39 39
Number of patients 25 24 18 24 34 38 28 24
Neoplastic
Number of images 86 88 80 80 85 85 74 63
Number of patients 66 66 64 63 66 65 62 55
Total nr. of images 133 121 105 119 151 154 113 102

Table 1: Number of image patches and patients per class with and without staining the
mucosa and with different i-Scan modes respectively with WL endoscopy (¬i-Scan)

imaging modalities. The patches utilized for our experiments are extracted from regions
exhibiting histological findings.

Classification is performed utilizing leave-one-patient-out (LOPO) cross validation
and a linear support vector machine classifier [5]. Compared to leave-one-out cross
validation, the samples of one patient are either all in the training or all in the evaluation
set to avoid any bias [15].

To investigate the similarity between the eight imaging modalities, each of the eight
databases is classified using each of the eight databases for classifier training (always
following the LOPO protocol). Thereby, for each feature extraction technique, 64 com-
binations (8× 8) for training and evaluation are investigated and reported.

The motivation of this approach is to find out which imaging modalities are sim-
ilar with respect to the outputs of the feature extraction methods and thereby can be
potentially effectively combined.

Additionally we want to find out if it is better to use only those images for training
that are from the same imaging modality as the considered evaluation image (to avoid
differences between the training and validation samples) or if it is better to additionally
utilize training images from other imaging modalities too, to increase the number of
training samples.

To answer which groups of imaging modalities should be utilized for training, we
additionally conduct three experiments using:

1. the images of the four databases without stained mucosa as training samples,
2. the images of the four databases with stained mucosa as training samples,
3. the images of all eight databases as training samples.

Again, LOPO is applied for these experiments and each of the eight image databases is
classified using these three different training sets. To avoid any bias due to unbalanced
evaluation data sets (especially the unequal number of images per per class), we report
the balanced classification accuracies only, equally weighting the sensitivity and the
specificity.

To assess whether the distributions of the extracted features from the 10 feature
extraction methods show statistically significant differences under different modali-
ties (Q1), we conduct a series of two-sample hypothesis tests. In particular, we test
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Fig. 2: Experimental Results: Classifiation was performed for all combinations of
modalities (WL, I1, I2, I3, C, C1, C2, C3) for training and evaluation, where I1, I2,
I3 denote the three i-Scan modes, C denotes chromoendoscopy and C1, C2, C3 denote
chromoendoscopy in combination with the three i-Scan modes. Training was addition-
ally conducted with all non-chromoscopic data (NC), all chromoscopic data (AC) and
all eight data sets (A)
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Fig. 3: Boxplot showing the distribution (median, quantiles, outliers) of accuracies
above all image representations and training with: the same modality (red), the same
modality-group (non-chromoscopy or chromoscopy, green) ,the different modality-
group (blue) and all available data (yellow)

for equality in feature distribution (i.e., the null-hypothesis). This is realized with the
kernel-based two-sample test of Gretton et al. [6], using a standard RBF kernel (band-
width parameter set to the median Euclidean distance between all samples) and 5000
permutations. For each pair of modalities, we tested all feature distributions and even-
tually computed the median over the resulting p-values of the 10 methods.

4.2 Results & Discussion

The two-sample hypothesis tests showed that only the combinations (C+i-Scan2, C+i-
Scan3) as well as (i-Scan2, C+i-Scan1) and (i-Scan2,C+i-Scan 2) showed no statis-
tically significant difference at the 0.05 significance level. So the distributions of the
extracted features are in general significant different under different modalities.

In Fig. 2 we present the classification accuracies of the ten image representations.
Each database was classified based on classifier training with each of the eight different
databases, as well as on a collection containing all non-chromoendoscopic (NC), all
chromoendoscopic (AC) and all (A) available data sets.

Considering the different image representations, we notice that the best perfor-
mances on average were obtained with the wavelet based descriptors (DTCWT-Weibull,
GWT-Weibull and Shearlet-Weibull). These methods exhibited a high discriminative
power not only if training and evaluation is executed on the same modality (diagonal
lines in Fig. 2), but also in the model transfer scenarios (different training and evalua-
tion modalities). The accuracies obtained in the ideal scenario (diagonal lines) are partly
even slightly outperformed which is supposed to be due to random effects in combina-
tion with the relatively small data sets. Other descriptors, such as BALFD, BSAGLFD,
BlobShape and CNN, exhibited high classification rates in the ideal case (training and
evaluation on the same data set) whereas rates mostly dropped distinctly for differing
training and evaluation modalities. The VesselFeature method generally produced good



outcomes only in combination with specific modalities. The performance of the Delau-
nay method was generally weak. In summary, regarding the performances of the ten
image representations, we notice completely different behaviors with respect to varying
classification scenarios.

Increasing the number of training samples by collecting additional data from other
imaging modalities was partly effective. Especially WL endoscopy, i-Scan1 and i-Scan2
profited on average if all non-chromoscopic data was utilized for classifier training. The
average accuracies (Figure 2 (k)) improved from 78.3 % to 80.2 % (WL), from 74.2 %
to 78.8 % (i-Scan1) and from 77.6 % to 81.0 % (i-Scan2), respectively. Interestingly, us-
ing the images of all imaging modalities as training samples did not further improve the
averaged classification rates (except for i-Scan1). Considering the results of the chromo-
scopic evaluation sets, adding training samples of other chromoscopic image databases
in general slightly decreases the averaged classification rates. Additionally adding non-
chromoscopic image databases furtherly decreases the averaged classification rates. In
general, the averaged classification rates are clearly higher for the evaluation sets with-
out chromoendoscopy.

So additionally utilizing training samples of databases captured with the same chro-
moscopy mode (as the evaluation database) improves in four of eight cases the averaged
classification rates. The results of utilizing training samples of all eight databases are
in six of eight cases worse than these using only training samples of the same chro-
moscopy mode. Hence it can be assumed that especially the domain change between
non-chromoscopy and chromoscopy image data is too pronounced to improve classifi-
cation accuracy. The positive effect of more (diverse) training data is obviously vanished
due to a distinctly changed feature distribution.

This behavior can be easier observed in Fig. 3, where the averaged accuracies
over all image representations applying different training configurations are presented.
Whereas training with the same group (non-chromoscopy or chromoscopy) led to im-
provements compared to training with the same imaging modality, the utilization of all
data did not improve the outcome further. Training with the other group was always
disadvantageous.

Based on these experiments, a clear statement on the overall best imaging modal-
ity cannot be made due to variably large training data sets. However, due to a consis-
tent trend, we conclude that the highest distinctiveness is obtained without chromoen-
doscopy.

5 Conclusion

Our Experiments showed that feature distributions between different modalities are
generally significantly different. For varying training and evaluation modalities, the ob-
tained loss of accuracy strongly depended on the deployed feature extraction method.
Especially wavelet-based image representations proved to be highly robust whereas
others were less stable. For the wavelet-based methods, a combination of similar data
for training (chromoscopy or non-chromoscopy samples) led to improved classification
outcomes compared to using only training samples obtained with the same imaging
modality. Considering the averaged accuracies over all methods, utilizing training sam-



ples of the same chromoscopic mode generally improves the results. The utilization of
all available training data, did not perform equally well, which is supposed to be due to
too distinct changes in image characteristics.
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