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Abstract

Background: In medical image data sets, the number of images is usually

quite small. The small number of training samples does not allow to prop-

erly train classifiers which leads to massive overfitting to the training data. In

this work, we investigate whether increasing the number of training samples by

merging datasets from different imaging modalities can be effectively applied to

improve predictive performance. Further, we investigate if the extracted fea-

tures from the employed image representations differ between different imaging

modalities and if domain adaption helps to overcome these differences.

Method: We employ twelve feature extraction methods to differentiate be-

tween non-neoplastic and neoplastic lesions. Experiments are performed using

four different classifier training strategies, each with a different combination of

training data. The specifically designed setup for these experiments enables a

fair comparison between the four training strategies.

Results: Combining high definition with high magnification training data and
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chromoscopic with non-chromoscopic training data partly improved the results.

The usage of domain adaptation has only a small effect on the results compared

to just using non-adapted training data.

Conclusion: Merging datasets from different imaging modalities turned

out to be partially beneficial for the case of combining high definition endoscopic

data with high magnification endoscopic data and for combining chromoscopic

with non-chromoscopic data. NBI and chromoendoscopy on the other hand are

mostly too different with respect to the extracted features to combine images

of these two modalities for classifier training.

Keywords: polyp staging, narrow-band imaging, chromoscopy, endoscopy,

i-Scan, computer-assisted diagnosis

1. Introduction

Colonic polyps are a rather frequent finding and are known to either develop

into cancer, or to be precursors of colon cancer. Hence, an early assessment of

the malignant potential of such polyps is important as this has the potential to

effectively lower mortality rates. As a consequence, a regular colon examination

is recommended, especially for people at an age of 50 years and older. The

current gold standard for the examination of the colon is colonoscopy in com-

bination with histological examination of biopsies taken during the procedure.

Modern endoscopy devices are able to take images (or videos) from inside the

colon which facilitates computer-assisted analysis of the acquired material with

the goal of detecting and diagnosing abnormalities.

This work is about the automated staging of polyps, assuming a clinical sce-

nario where the endoscopist receives either a staging suggestion after triggering

the classification procedure to be applied to some captured area or a continuous

automated mucosa analysis is done raising alarm in case of malignant mucosa
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areas have been identified.

A big problem working with endoscopic image databases is that those databases

are usually rather limited in terms of the images available [21]. The low num-

ber of training samples combined with the high variability of the appearence

of polyps even from same classes (shapes, textures and sizes) makes it hard to

train classifiers that are truly able to differentiate between different types of

colonic polyps and that are not massively overfitted to the training data.

In this works we combine training samples from different image enhancement

technologies and/or endoscopic types to increase the number of training samples

and the variability of the training data. We evaluate the differences and the

compatibility of the image enhancement technologies (white light endoscopy, i-

Scan, narrow band imaging and chromoscopy) and endoscopic modalities (high

definition or high magnification) with respect to the computer-assisted colonic

polyp staging.

1.1. Related work

Previous works on computer-assisted staging of colonic polyps in combina-

tion with different image enhancement technologies, can be divided in three

categories depending on the used imaging modality:

1. High definition (HD) endoscopes combined with or without staining the

mucosa and the i-Scan technology:

In [7], shape and contrast features were extracted from blobs, in [14] frac-

tal analysis based features were extracted and in [2] convolutional neural

networks were applied.

2. High-magnification (HM) chromoendoscopy is used in [12], where the pit

density is estimated using Delaunay triangulation; local binary patterns

(LBP) were used in [10] and features extracted from wavelet transform

subbands were extracted in [8, 9, 24].
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3. High-magnification endoscopy with NBI is used by [22] with staging based

on dense SIFT features; in [6], features based on the vessel structure are

extracted.

1.2. Contribution

In this work, we aim to answer the following three questions which were only

partly or not at all answered in previous literature:

1. Do the image representations differ between different modalities?

2. Should samples from different imaging modalities be collected for classifier

training to obtain a larger training corpus that exhibits larger variability?

3. Does domain adaptation help to improve the results when different imag-

ing modalities are used for training?

To answer these questions we experiment with different feature extraction

methods on colonic polyp image data, gathered using NBI, WL endoscopy, chro-

moendoscopy, i-Scan and combinations of WL, chromoendoscopy and i-Scan.

Each of these methods has already proven to be suited in principle for colonic

polyp staging in the literature. The images were gathered by HD as well as HM

endoscopes.

The question if image representations differ between different modalities is

first assessed by applying a two-sample hypothesis test to the outputs of the

feature extraction methods to see if the feature distributions are different for

different imaging modalities. Practical implications are considered for the case

where training and evaluation data come from different endoscopic imaging

modalities (i.e., image enhancement technologies and endoscopic types). Al-

ready in [13] it was shown that using HM chromoendoscopic images for training

and HD-endoscopic i-Scan images for evaluation is feasible. Further initial tests
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on this topic were already conducted in [23], but only using HD-endoscopic

imagery with different i-Scan modes and with or without chromoendoscopy.

Another contribution of this work is to analyze if it is beneficial to combine

images from different image enhancement technologies and/or endoscopic types

for classifier training. We perform experiments combining images of different

imaging modalities for training instead of using only the imaging modalities for

training that is utilized during the evaluation. The advantage of this approach is

the higher number of samples to train the computer-assisted diagnosis (CAD)

system. Especially in medical image classification scenarios, the image data

sets are usually quite small which is problematic for classifier training and often

leads to massive overfitting to the training data. Initial tests on this topic

using HD-endoscopic imagery with different i-Scan modes and with or without

chromoendoscopy were conducted in [23] with favorable results when combining

the images of different i-Scan modes for training.

To balance the differences of the image enhancement technologies/endoscopic

types for those experiments where images from different imaging modalities are

combined for training, additional experiments are performed applying domain

adaptation to the images, an approach that has not been investigated before in

this context.

2. Colonic polyp staging

Colonic polyps are usually divided into hyperplastic, adenomatous and ma-

lignant polyps. In order to determine a diagnosis based on the visual appear-

ance of colonic polyps, the pit pattern classification scheme was proposed by

[19]. A pit pattern refers to the shape of a pit, the opening of a colorectal

crypt. The various pit pattern types and exemplar (HM-endoscopic) images of

the classes are presented in Fig 1. The pit pattern classification scheme differ-
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Pit Pattern I Pit Pattern II Pit Pattern IIIS Pit Pattern IIIL Pit Pattern IV Pit Pattern V

Non-neoplastic Neoplastic

Figure 1: The 6 pit pattern types along with exemplar images and their assigned classes in
case of a two class (non-neoplastic vs neoplastic) differentiation

entiates among 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 hyperplastic lesions, adenomas (a pre-malignant condition), and malignant

cancer based on the visual pattern of the mucosal surface. Adenomatous polyps

need to be removed, but the removal of hyperplastic polyps is unnecessary and

the endoscopic removal of malignant polyps is hazardous. In this work we apply

the two-classes classification scheme and differentiate between non-neoplastic

and neoplastic lesions. This classification scheme is quite relevant in clinical

practice as indicated in [16]. The three-classes staging scheme differentiating

between non-neoplastic, adenomatous and malignant polyps would also be of

practical significance, but we have to omit this staging scheme since most of our

polyp image databases include only very few images showing malignant polyp.

2.1. Image enhancement technologies

Endoscopic image enhancement technologies (e.g. chromoscopy, narrow-

band imaging (NBI) or i-Scan) have become largely available in clinical prac-

tice. Contrary to traditional white-light (WL) endoscopy, these technologies
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apply specific strategies to facilitate an improved detection and histological pre-

diction of colonic polyps. Endoscopic image enhancement technologies can be

subdivided into conventional chromoendoscopy and digital chromoendoscopy:

1. Conventional chromoendoscopy (CC) came into clinical use 40 years ago.

Spraying dye onto the surface of the colon enables an easier detection and

staging of colonic polyps.

2. Digital chromoendoscopy is a technique to facilitate ’chromoendoscopy

without dyes’ [17] and can be subdivided into optical (NBI, blue laser

imaging) and virtual chromoendoscopy (FICE, i-Scan):

Optical chromoendoscopy: Changes the illumination source compared to

WL endoscopy. In NBI [4], narrow bandpass filters are placed in front of

a conventional WL source in order to enhance details of certain aspects

of the surface of the mucosa. Blue laser imaging (BLI) is a new image

enhancement technology using laser light (two monochromatic lasers).

Virtual chromoendoscopy: The i-Scan (Pentax) technology [18] is a digital

image enhancement technology that provides a detailed view of mucosal

and vascular patterns with three different enhancement options that high-

light specific anatomical features. The Fuji Intelligent Color Enhancement

(FICE) technology decomposes images by wavelength and then directly

produces reconstructed images with enhanced mucosal surface contrast.

Both systems, i-Scan and FICE, thus apply post-processing to the re-

flected light of a WL illumination source.

2.1.1. HD endoscopy using i-Scan and chromoendoscopy

HD-endoscopy provides a higher resolution compared to standard definition

endoscopes. Our HD-endoscopic images are gathered by traditional WL and

three i-Scan modes, both with and without chromoendoscopy (CC).

The three i-Scan modes operate as follows:

7



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

(e) CC (f) CC-i-Scan1 (g) CC-i-Scan2 (h) CC-i-Scan3

Figure 2: Images of a polyp using digital (i-Scan) and/or conventional chromoendoscopy (CC).

1. i-Scan1 augments pit pattern and surface details, providing assistance to

the detection of dysplastic areas. This mode enhances light-to-dark con-

trast by obtaining luminance intensity data for each pixel and adjusting

it to accentuate mucosal surfaces.

2. i-Scan2 expands on i-Scan1 by adjusting the surface and contrast enhance-

ment settings and adding tone enhancement attributes to the image. i-

Scan2 assists by intensifying boundaries, margins, surface architecture and

difficult-to-discern polyps.

3. i-Scan3 is similar to i-Scan2, with increased illumination and emphasis on

the visualization of vascular features. This mode accentuates pattern and

vascular architecture.

In Fig. 2 we see images of an adenomatous polyp using WL endoscopy (a),

i-Scan (b,c,d), CC (e) and combinations of CC and i-Scan (f,g,h).

Fig. 3 (a,b) shows exemplar images of the two classes (denoted as class

”Non-neoplastic“ and class “Neoplastic”) obtained by an HD endoscope using

CC and i-Scan mode 2.
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(a) Non-neoplastic (HD) (b) Neoplastic (HD)Non-neoplastic Neoplastic

(c) Non-neoplastic (NBI-HM)

Non-neoplastic Neoplastic

(d) Neoplastic (NBI-HM)

Figure 3: Example images of the two classes from the HD and the the NBI-HM database

2.1.2. High-magnification chromoendoscopy (HMC)

HM endoscopes are able to perform optical zoom / magnification by using

a moveable lens in the tip of the endoscope. In this way magnified images

can be obtained without losing display quality. HM endoscopy enables the

visualization of mucosal details that cannot be seen with standard endoscopy.

The images of the HMC database are gathered using chromoendoscopy with

150-fold magnification. Example images of the two classes are shown in Fig. 1.

2.1.3. NBI High-magnification endoscopy

NBI is a videoendoscopic system using RGB rotary filters placed in front of a

white light source to narrow the bandwidth of the spectral transmittance. NBI

improves the visibility of microvessels and their fine structure on the colorectal

surface. Also the visibility of pits is increased, since the microvessels between

the pits are enhanced in black, while the pits are left in white.

The images of the NBI-HM database are gathered using zoom-endoscopy

in combination with NBI. Exemplar images of the two classes of the NBI-HM
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database are shown in Fig. 3 (c,d). The image labels were provided according

to the optical appearance of the polyps. Histology was not performed for all

the polyps. During the data collection, doctors took photos of polyps regard-

less of performing histology, then the photos were classified. The images were

labeled by at least two medical experts and endoscopists who are experienced

in colorectal cancer and NBI classification.

For all other databases, image labels were provided according to their histo-

logical diagnosis.

3. Methods

In this section we briefly describe the twelve feature extraction methods used

for the classification of colonic polyps. All methods have proven to be well suited

for the diagnosis of colonic polyps in literature for certain imaging settings.

CNN: We apply two different strategies to utilize the VGG-f network [1]:

For the the first “learning” strategy, 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. We further de-

note this CNN learning strategy as non-adapted CNN (NA-CNN).

For the second learning strategy, we use the CNN pre-trained on the Ima-

geNet data and adapt it to the classification of colonic polyps by furtherly train-

ing it on our colonic polyp databases. Training is applied for 5000 iterations

using stochastic gradient descend and by augmenting the images using random

rotations, translations and horizontally flipping. For both learning strategies,

the images are fed through the CNNs and the activations of the last fully con-

nected layer are extracted as features.

DT-CWT-Weibull: The dual-tree complex wavelet transform (DT-CWT)

is a multi-scale and multi-orientation wavelet transform. The DT-CWT is ap-
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plied using four decomposition levels. Features are extracted by fitting a two-

parameter Weibull distribution to the coefficient magnitudes of the DT-CWT

subbands. The final feature vector consists of the extracted Weibull features

from all subbands of an image. It was shown in [24] that extracting Weibull

distribution parameters from the subband coefficients is highly suited for the

classification of colonic polyps, especially for the DT-CWT, the Gabor wavelet

transform and the shearlet transform.

GWT-Weibull : The Gabor wavelet transform is a multi-scale and multi-

orientation wavelet transform. As for the DT-CWT, the Shearlet transform is

applied using four decomposition levels and the subbands are fitted using the

two-parameter Weibull distribution [24].

Shearlet-Weibull: The shearlet transform is based on wavelet transforms.

The shearlet transform is applied using four decomposition levels with eight di-

rections per decomposition level. As for the two wavelet transforms, features are

extracted by fitting the subbands using the two-parameter Weibull distribution

[24].

BlobShape: The image is segmented into 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 blobs and histograms are computed

based on these features. This method [7] was developed for the classification

of polyps based on HD endoscopic imagery (with or without i-Scan and chro-

moendoscopy).

BALFD: The blob-adapted local fractal dimension (BALFD) [15] analyzes

changes in the intensity distribution in expanding elliptic shaped regions. Like

the BlobShape method, this method was especially developed for the classi-

fication of polyps using HD endoscopic imagery (with or without i-Scan and

chromoendoscopy).
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BSAGLFD: The blob shape adapted gradient LFD (BSAGLFD) approach

[14] concatenates the extracted features from the BALFD and the BlobShape

approach. It was shown that the BSAGLFD approach clearly outperforms its

two components for the classification of colonic polyps.

Delaunay: Pits in the pit pattern structure are detected using a local binary

patterns operator. Based on the detected pit candidates, a Delaunay triangu-

larization is computed and the edge length of the resulting triangles is utilized

for the classification of colonic polyps. This method [12] was designed to classify

colonic polyps based on HM-endoscopic imagery using chromoendoscopy.

LCVP: Multi-scale local color vector patterns (LCVP) is a local binary pat-

terns (LBP) based method. LCVP constructs a color vector field from an image

and based on this field, the LCVP operator computes the similarity between

neighboring pixels. This method [11] was especially developed for the classifica-

tion of polyps based on HM-endoscopic imagery obtained by chromoendoscopy.

VesselFeature: This approach [6] is designed to analyze the blood vessel

structures on polyps. Blood vessels are segmented and eight features are com-

puted describing the shape, the size, the contrast and the underlying color of

the segmented vessels. This method was especially designed for HM endoscopic

imagery using NBI and is probably not suited for imaging modalities that are

not designed to highlight the blood vessel structure.

MB-LBP: The local binary patterns (LBP) operator labels the pixels of an

image by thresholding the neighborhood of each pixel and considers the result

as a binary number. Because of its superior results compared to the standard

LBP operator LBP(8,1) (with block size = 3), we use a multiscale block binary

patterns (MB-LBP) operator [20] with three different block sizes (3,9,15) and

compute uniform LBP histograms.

All methods except for the BlobShape, the BALFD, the BSAGLFD and the
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VesselFeature approach use color information from RGB images, only these 4

approaches are applied to grayscale images. All methods that use color infor-

mation except of the LCVP approach are applied to the three color channels

separately and then the resulting feature vectors of the three color channels are

concatenated.

4. Experimental setup

To assess whether the distributions of the extracted features from the feature

extraction methods show statistically significant differences on different image

data sets, we conduct a series of two-sample hypothesis tests. In particular, we

test for equality in feature distribution (i.e., the null-hypothesis). This is realized

with the kernel-based two-sample test of Gretton et al. [5], using a standard

RBF kernel (bandwidth parameter set to the median Euclidean distance between

all samples) and 1000 permutations. For each feature extraction method and

each pair of image data sets, we tested if there is a significant difference between

the distributions of the extracted features between one data base and the other

one.

For our classification experiments we rely on a protocol based on the selec-

tion of repeated random splits, as common practice in machine learning. In

one iteration, the classification model is trained and evaluated with randomly

selected samples from the overall data set. This selection is performed in a way

to ensure that images of one patient are either all in the training or in the eval-

uation data set (similar to the leave-one-patient-out protocol [11]). To facilitate

a fair comparison between image data sets, the amount of training samples is

fixed and balanced over the two classes. To obtain stable outcomes, we apply 32

random splits and report the mean accuracies as well as the standard deviations.

Classification is done using linear support vector machines (SVM) [3]. The
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optimal SVM’s c-value is assessed during inner cross-validation using the train-

ing data only.

Experiments are performed using our four endoscopic image databases where

each of the databases is captured under different imaging modalities. We inves-

tigate and compare the following scenarios:

• Normal training: This is the classical training approach. One database is

separated in training and evaluation data. A variable amount of image

samples (10 or 80 samples per class) is used for training. Evaluation is

performed on 20 samples per class from the left over part. So training and

evaluation data is from the same imaging modality.

• Cross-domain training: One image database is used for training, another

one for evaluation. A fixed amount of training data only (specifically

the number of samples available in the class with fewer samples from the

training database) is used for training. Evaluation is performed on the

images of another database (20 samples per class), which are acquired

using a different imaging modality as the images of the training database.

By means of this experimental setup we want to find out if the extracted

features from image representations differ for different imaging modalities.

• Mixed domain training: One image database is splitted in a training

and an evaluation part. Images of another database (denoted as training

database) are additionally used for training. A fixed (and large) amount

of images from the training database (as in Cross-domain training) as well

as a variable amount of images from the splitted database (as in Normal

training) are used for training. Evaluation is performed on 20 samples per

class from the splitted database. So compared to “Normal training”, the

number of training images is increased by adding training samples from

another imaging modality as the images to be classified.
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• Domain adaption: Same as “Mixed domain training”, but domain adap-

tion is applied to the mixed training data to compensate for differences

in the feature distributions. Domain adaptation is performed relying on

a state-of-the-art approach [25] utilizing the publicly available MATLAB

implementation. This domain adaptation method relies on learning an in-

termediate representation by maximizing the independence by computing

domain independent features. Thereby the inter-domain discrepancy in

the novel intermediate distributions is reduced. The dimensionality of the

representation is fixed to 16.

The reason why we apply the experiments with 10 and 80 training samples

from the evaluation database (scenarios normal training, mixed domain training

and domain adaption) is that we want to find out the effect of using additional

training data from other imaging modalities depending on the number of train-

ing images from the evaluation database. The smaller the amount of training

data from the same modality as the images to be classified, the higher should

theoretically be the positive effect of additional training data from other imaging

modalities.

In the scenarios using HD-endoscopic images for training and HM images for

evaluation and vice versa, we balance the scale differences between the images

of the two endoscopic types by artificially raising the scale factor of the HD

images. This strategy was already applied in [13] to classify HD-endoscopic

images using HM images for classifier training. Starting with an HD endoscopic

image of size 256× 256, we crop the center 128× 128 image patch and bicubic

upscale the patch with scale factor 2 to the size of 256× 256.

4.1. HD-databases

The images are acquired at the St. Elisabeth Hospital in Vienna by extract-

ing patches of size 256 x 256 from frames of HD-endoscopic (Pentax HiLINE
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Table 1: Ground truth information of the investigated image data sets. ’HDNC’ denotes the
HD database without chromoscopy and ’HDC’ the HD database with chromoscopy. ’HMC’
denotes the high magnification database using chromoendoscopy and ’NBI-HM’ the high mag-
nification database using NBI.

Non-neoplastic Neoplastic Total

HDNC Images 144 301 478
Patients 39 77 81

HDC Images 213 307 520
Patients 50 78 84

HMC Images 198 518 716
Patients 14 32 40

NBI-
HM

Images 112 186 298
Patients 84 120 182

HD+ 90i Colonoscope) videos. Most of the videos contain sequences from eight

imaging modalities (with or without i-Scan (modes 1,2,3) and with or without

staining) but in some of the videos only a subset of the eight imaging modalities

occur. The patches utilized for our experiments are extracted from regions for

which histological findings (i.e. ground truth) are available.

The authors of [23] showed that with respect to the classification rates of

automated diagnosis systems, it is in general favorable to combine the images

of different i-Scan modes and WL endoscopy for classifier training instead of

using only images of the same category as the images to be classified. The

chromoscopy modes (chromoscopy or no chromoscopy) on the other hand should

be identical for training and evaluation images. This outcome motivated us to

group the images of the HD database into two separate image databases in this

work, one consisting of the images without using chromoendoscopy (no matter if

the images are gathered by one of the three i-Scan modes or by traditional WL)

and the other one consisting of the images using chromoendoscopy. The two

HD databases are further denoted as ’HD-no-chromo’ (HDNC) and ’HD-chromo’

(HDC). Table 1 lists the number of images and patients per class. The two HD

databases consist of between 102 and 154 images per i-Scan mode respectively

WL endoscopy.
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4.2. The high-magnification chromoendoscopy database (HMC)

The HMC image data set is acquired at the the Medical University of Vienna

using a zoom-colonoscope (Olympus Evis Exera CF-Q160ZI/L) with a magnifi-

cation factor of 150 and indigocarmine dye-spraying. The database is acquired

by extracting patches of size 256 x 256 from 327 endoscopic color images (either

of size 624 x 533 pixels or 586 x 502 pixels) of 40 patients (Table 1).

4.3. NBI-high-magnification database (NBI-HM)

The NBI-HM data set is acquired at the Hiroshima University Hospital using

a NBI zoom endoscope (CF-H260AZ/I, Olympus Optical Co) with a maximum

magnification factor of 75. Care was taken that the lighting conditions, zooming

and optical magnification were kept as similar as possible across all images. The

captured images of size 1440 x 1080 pixels were trimmed by medical doctors

and endoscopists to a rectangle so that this rectangle contains an area in which

typical microvessel structures appear. The database used in this work (see

Table 1) is acquired by extracting patches of size 256 x 256 from the rectangular

trimmed images (to have the same image size as for the other databases).

5. Results

5.1. Significance test results

The two-sample hypothesis tests showed that only in case of the image data

sets HDC and HDNC there are feature extraction methods (DT-CWT-Weibull,

GWT-Weibull, Shearlet-Weibull, VesselFeature) whose feature distributions are

not significantly different at significance level α = 0.01 for two different data

sets. For all other pairs of image data sets, the feature distributions of all fea-

ture extraction methods are significantly different between the data sets. We

conclude that, in general, distributions of the extracted features are different for
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VesselFeature (HDNC vs HDC), stat=0.004

(a) no stat. significant difference at α =
0.01, 0.05 (stat < α)

BSAFLFD (NBI-H vs HMC), stat=0.225

(b) stat. significant difference at α =
0.01, 0.05 (stat > α)

Figure 4: Two exemplary outcomes of the two-sample hypothesis test. Shown are the em-
pirical distributions (blue) of the test-statistic (MMD) (stat denotes the value) under the
null-hypothesis (no significant difference), as well as the thresholds (red) for significance levels
α = 0.01 and α = 0.05.

different image data sets. In Figure 4, we show one example for a significant dif-

ference and one example for no significant difference in the feature distribution.

5.2. Classification results of the four classifier training scenarios

Fig. 5 shows the classification rates for the four training scenarios. These

four training strategies are applied in order to investigate the combinability and

similarity of the four different datasets. To avoid a flood of information, here we

only present combinations of training and evaluation data with high practical

relevance and present box plots giving an overview of the results over all feature

extraction methods (see Fig. 5). We focus on database combinations with sim-

ilarities with respect to the used imaging modality and/or the endoscopic type.

Specifically the combination NBI-HM/HMC (both are gathered by HM endo-

scopes, but with different imaging modalities), HDC/HDNC (both are gathered

by HD-endoscopy, one with and one without chromoscopy) and HMC/HDC

(both are gathered by chromoscopy, one using HD endoscopy (in combination

with i-Scan) and one using HM endoscopy). For each of these three combina-
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Figure 5: Box plots showing the median, the quantiles and the minimum and maximum
accuracies over all feature extraction methods for the four training strategies. TDS denotes
the number of training data samples from the image database used for evaluation (which is
either 10 or 80 samples per class in our experiments). ’N’ denotes normal training, ’CD’
cross-domain training, ’MD’ mixed domain training and ’DA’ domain adaption.

tions of two databases, one of the databases is used for training and the other

one for evaluation and vice versa. Of course, in case of the training strategies

“normal training”, “mixed domain training” and “domain adaption”, also parts

of the evaluation database are used for training and in case of “normal train-

ing” the training database is not used for training (only parts of the evaluation
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database).

We can see in Fig. 5 that the results are mostly quite similar for the three

training strategies “normal training”, “mixed domain training” and “domain

adaption”. In case of the two database combinations NBI-HM/HMC database

(Fig. 5 a,b) and HMC/HDC (Fig. 5 e,f), there is no consistent trend which

of those three training strategies performs best. In case of the combination of

the two HD databases (Fig. 5 c,d), mixed domain training as well as domain

adaption perform better as normal training, at least for only 10 training samples

per class from the evaluation database.

Like expected, cross-domain training is the worst performing training strat-

egy across all combinations of datasets. The features extracted from the em-

ployed image representations are too diverse across different imaging modali-

ties (like already showed with the significance test) for this kind of classifier

training. Only in case of the combinations NBI-HM/HMC, HDNC/HDC and

HDC/HMC with only 10 training data samples from the evaluation database,

cross-domain domain training outperforms normal training. This is caused by

the too low number of training samples from the evaluation database (10 per

class), whereas for cross-domain training almost the whole training database

can be used for training. However, for 80 training samples per class from the

evaluation database, normal training always outperforms cross-domain training.

6. Discussion

6.1. Chromoscopy vs. No Chromoscopy

We showed that mixing chromoscopic and non-chromoscopic data for train-

ing can (but not necessarily have to) improve the results compared to using only

those images for training that are from the same domain as the images to be

classified. This can be observed in Fig. 5 (c) and (d) by comparing the results
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of normal training with the results of the two training strategies using mixed

datasets (mixed domain training and domain adaption). If only a small number

of training images is available from the same imaging domain as the evaluation

images, then using mixed training data clearly improves the results compared to

normal training. For higher numbers of training samples from the same domain

as the evaluation images, using mixed training data achieves equally well re-

sults as for normal training. So in the case of a rather limited amount of image

data from one chromoscopy mode, it is in general favourable to add training

data from another chromoscopy mode (chromoscopy or non-chromoscopy) to

increase the number of training samples. In the case of a higher amount of im-

age data from one chromoscopy mode, it depends on the employed method for

the automated classification if it is beneficial to add training data from another

chromoscopy mode.

Initial tests to combine the training data of HD-endoscopic imagery with

different i-Scan modes and with or without chromoendoscopy were already con-

ducted in [23], using the same HD-endoscopic images as in this study. Our

study and [23] came to the conclusion that using training images from a dif-

ferent chromoscopy mode than the images to be classified does not work well

compared to normal training. Also in [23], using mixed training data from

chromoscopic and non-chromoscopic images achieved similar results than nor-

mal training. However, in our study the result rather improved in general by

additionally employing training data from another chromoscopy mode, whereas

in [23] the result slightly decreased in general. This slight difference in the re-

sults between our study and [23] can be explained by the different experimental

setups. In [23], classification was performed using leave-one-patient-out (LOPO)

cross validation. Because of the quite unequal number of images per class for

the HD database, LOPO classification may lead to biased results. We avoided
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any bias in our experimental setup by using the same number of images per

class for training and evaluation. A further difference between our classification

approach and the LOPO classification used in [23] is that we employ only a

maximum of 80 training images per class from the same chromoscopic mode as

the images to be classified whereas for the LOPO classification all images of the

same chromoscopic mode are used for training except of those from the patient

to be classified. Having more training images from the same domain as the

images to be classified of course lowers the demand of additional training data

and the advantage of more training data may be outweighed by the differences

between chromoscopic and non-chromoscopic images.

6.2. High-Magnification vs. High Definition

We showed that mixing HD and HM endoscopic images for training can

have a positive effect on the classification rates, but not consistently over all

experiments as shown in Fig. 5 (e) and (f). So it can but does not necessarily

have to be favorable to additionally use training data from another endoscopic

type (HD or HM), depending on the employed method.

In [13], it was investigated if it is feasible to classify HD endoscopic images

using solely HM endoscopic images for the training of the methods. For this,

61 HD endoscopic images gathered using chromoendoscopy and i-Scan mode 2

were classified using 716 HM chromoendoscopic images (our HMC database)

for training. The outcome of [13] was that cross-domain training improves the

results of some of the methods, whereas other methods achieved better results

using normal training. If the amount of HM chromoendoscopic training data was

reduced to the same amount as the available amount of HD endoscopic training

data, then normal training clearly outperformed cross-domain training in [13].

In our study, normal training clearly outperformed cross-domain training, even

for only 10 HD endoscopic training data samples (see Fig. 5 (e), 10 TDS). So

22



cross-domain training using HD and HM endoscopic data worked better in [13]

than in our study. Compared to [13], we employed twice as many methods,

balanced the number of training samples per class to avoid biased results, and

employed HD endoscopic imagery gathered from three i-Scan modes and WL

endoscopy (only i-Scan mode 2 in [13], which makes the results of our study

more reliable as the ones in [13].

6.3. Chromoscopy vs. NBI

Based on the results of our experiments shown in Fig. 5 (a) and (b), chro-

moscopic images and NBI images should rather not be mixed for training. In

general, the results are slightly better using only training data from the same

domain as the evaluation data. So the resulting features of the image represen-

tations differ too much for these two imaging modalities.

7. Conclusion

In this work we applied a set of state-of-the-art image representations to

imagery obtained using different imaging modalities (HD and HM endoscopy,

chromoscopy, NBI, i-Scan and WL) in order to find out which imaging modal-

ities should be combined for classifier training. Our experiments showed that

feature distributions among different imaging modalities are generally signifi-

cantly different.

We showed that adding training data from other imaging modalities than

the images to be classified can have a positve effect on the classification rates

compared to using only training data from the same imaging modality as the

images to be classified. Combining chromoscopic with non-chromoscopic data

and HM with HD endoscopic data can improve the results of automated diag-

nosis systems, combining NBI with chromoendoscopic data rather decreases the

results. It turned out that the usage of domain adaptation has only a small
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effect on the results compared to just using non-adapted training data (mixed

domain training). In general, the results for using normal training, mixed do-

main training or domain adaptation are quite similar. As expected, using solely

training data from a different imaging modality as the images to be classified

has a clearly negative effect on the classification performance compared to nor-

mal training using images from the same imaging modality for training and

evaluation.
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