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ABSTRACT: In the paper, selected image analysis algorithms were examined and compared in the task of identifying
informative frames, blurry frames, colorectal cancer and healthy tissue on endoscopic videos. In order to standardize
the tests, the algorithms were modified by removing from them parts responsible for the classification, and replacing
them with Support Vector Machines and Artificial Neural Networks. The tests were performed in an unified manner
on a common, large movie database of real endoscopy videos. The test results often do not seem to confirm the high
efficiency declared by their authors. A maximum of 80% sensitivity and specificity was achieved, while the authors
often declared as much as 90%.
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I. INTRODUCTION

Since last several years, endoscopic movie analysis algorithms (for gastroscopy, colonoscopy and wireless capsule
endoscopy, WCE) gained much popularity. These algorithms were designed for recognizing informative and non-
informative frames, and various diseases or healthy tissues. Algorithms found in the literature are claimed by their
authors to give high performance (in terms of accuracy, sensitivity, specificity etc.) results [1]. However, the publications’
flaw is often the lack of comparative tests of different algorithms (or lack of any comparison at all). One of the reasons
of such situation is the lack of a good public database of medical gastrointestinal endoscopy images prepared for
algorithm testing purposes.

This article focuses on a comparison of selected endoscopic image analysis algorithms. To allow the comparative
analysis, it was necessary to establish common conditions for algorithms’ operation. Algorithms were modified so to
unify their operation, and then, the comparative tests were carried out on identical sets of data, measuring algorithms’
performance in detecting informative and non-informative frames, colorectal cancer and normal tissue.

II. ALGORITHMS

In the article, selected image analysis algorithms were tested and compared, as in table I.

III. TEST PROCEDURE

Algorithms were compared in two main tasks: efficiency in distinguishing (a) cancer from normal tissue of the large
intestine, and (b) informative / non-informative (e.g. distorted by the movement of the endoscope, poor lighting, liquid
covering the camera of the endoscope, etc.).

For this purpose, all tests were performed on a common database of real endoscopic videos of the colon [2]. To unify
algorithms’ operation, their parts responsible for classification were removed, leaving only the core – feature vector
extraction. All feature vectors were also normalized so that every feature had the mean of 0 and standard deviation 1
over the whole database. For classification, Artificial Neural Networks (ANN) and Support Vector Machines (SVM)
were used to test algorithms’ efficiency (all the classifiers were trained and tested the same way on the same data).

Classifier training was carried out on the database of [1] endoscopic endoscopic videos, fully labeled by an expert for
the content of each frame. The expert gave every frame of every video one of three labels: [blurry], [sharp, cancer] or
[sharp, healthy]. Due to the different length of the videos and different proportions of labels, from each film maximum
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Table I: Algorithms tested

Ref. Algorithm ID Objects detected Feature vector

[3]
Autocorrelation
Homogeneous

Texture
AHT

tumor in chromoendoscopy
and narrow-band imaging AHT

[4]

Discrete Fourier
Transform –

Homogeneous
Texture

DFT-HT textures HT

[5]–[7] Gastropathy Gastrop.
portal hypertensive gastropathy

in gastroscopy

% of edge pixels, histogram P+2 bins
(only P=16 tested) or LBPriu2

P,R , % of
blocks with local brightness maximas

[8] Baopu Li BaopuLi
adenoma, adenocarcinoma in
Wireless Capsule Endoscopy

(WCE)

10-bin histograms for 9 channels and
DWT = 630 values

[9] Poh Chee Khun PCK-C informative frames, bleeding
in WCE

histogram for each block for each
quantized value

PCK-T CWC – 72 features + 8 additional

[10]
Local Color Vector

Pattern LCVP
textures in magnification

endoscopy histogram of LCVP – 256 – features

[11] Multi-scale Block
LBP

MB-LBP-G patterns for face recognition histogram of MB-LBP – 256 features

[12] MB-LBP-C polyps in endoscopy 2D-histogram of color MB-LBP – up to
2562 features (tested up to 256)

[13], [21] Test
Test 1 tumor, polyps, informative

frames in endoscopy

6 statistical features
Test 2 36 statistical features
Test 3 90 statistical features

[16] Kodogiannis Kodog.
normal/abnormal tissue in

WCE 54 statistical features from NTU

[14] Magoulas Mago. 1 normal/abnormal tissue in
colonoscopy

16 features from GLCM
[15] Mago. 2 48 features from DWT and GLCM

of 30 frames (possibly far from each other) were selected for further processing for each label. Total number of selected
frames was ≈ 4750 for blur recognition and ≈ 2750 for cancer recognition.

Two main types of tests were performed: (a) identify clear (informative) / blurry (non-informative) frames, and (b)
identify healthy / cancerous tissue. For each test type, the input data was divided into eight sets, preserving the ratio of
classes, and so that images of one patient were placed always in the same set (set assignment was performed with an
algorithm described in [19]). Such set balancing is recommended in medical research [1].

Prepared sets were used to 8-fold cross-validation. For each classifier, a set of its parameters was selected, and then
their optimization was performed by algorithm CRS [17] from NLopt library [18], with a time limitation of 8 hours
(usually it resulted in 5000–50000 iterations of the algorithm). During the tests, following efficiency parameters were
measured:

1) Sensitivity — performance at recognizing positive samples
2) Specificity — performance at recognizing negative samples
3) Accuracy — performance at giving correct answer
4) Smoothness — smoothness of the classifier’s output [20]
5) Overall score — weighted harmonic mean of sensitivity, specificity and smoothness values
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IV. RESULTS

This section contains the test results of all tested algorithms. The tests were performed in the same manner, on the
same hardware, in the same conditions, and with the same data (as described in the previous section).

Table II: Efficiency in blur recognition with ANN

Algorithm Sens. Spec. Acc. Video Overall
BaopuLi 78.4% 79.4% 79.0% 92.1% 78.7%
LCVP 77.8% 80.5% 79.2% 88.7% 78.1%

MB-LBP-G 77.4% 79.5% 78.5% 88.9% 77.7%
MB-LBP-C 78.1% 77.2% 77.6% 95.3% 77.5%

Kodo 74.4% 77.6% 76.1% 89.9% 74.8%
DFT-HT 74.5% 75.6% 75.1% 89.0% 74.7%

Gastropathy 73.7% 80.8% 77.4% 88.2% 74.5%
PCK-T 72.9% 76.9% 75.1% 85.5% 73.4%
Mag2 66.5% 69.3% 68.0% 72.2% 66.8%
AHT 66.6% 66.5% 66.6% 94.1% 66.7%
Mag1 65.8% 65.9% 65.8% 90.1% 66.0%

PCK-C 61.4% 61.5% 61.4% 93.7% 61.6%
T3 60.4% 60.7% 60.6% 93.3% 60.6%
T2 59.6% 60.8% 60.3% 92.4% 60.0%
T1 57.9% 54.7% 56.2% 92.0% 55.2%

Tables II – III and figures 1 – 2 present the results of the recognition of blurry/clear (informative/non-informative)
frames with the Artificial Neural Networks and Support Vector Machines. In this task, the neural network performed
significantly better than SVM. The results are relatively consistent with expectations and with the descriptions of the
authors of the original publications (if present). Test algorithms performed far worse than the others. In the task of
blurry frames recognition, the best algorithms were: BaoupuLi, MB-LBP-C, Kodo, LCVP.

Figure 1: Algorithms’ efficiency in blur recognition with ANN

Tables IV – V and figures 3 – 4 present the results of recognition of colorectal cancer / normal tissue, with the ANN
and SVM. In this task, the neural network performed also better than SVM, though not as clearly as in blur recognition.
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Table III: Efficiency in blur recognition with SVM

Algorithm Sens. Spec. Acc. Video Overall
MB-LBP-C 70.5% 71.4% 71.0% 78.7% 70.7%

Kodo 67.1% 67.8% 67.5% 83.4% 67.3%
LCVP 64.1% 65.4% 64.8% 78.3% 64.4%

DFT-HT 62.7% 64.7% 63.7% 79.5% 63.0%
PCK-C 61.5% 62.1% 61.8% 88.7% 61.8%

Gastropathy 61.0% 63.3% 62.2% 79.8% 61.4%
PCK-T 61.3% 61.0% 61.1% 44.4% 60.8%
Mag2 61.6% 60.5% 61.0% 59.6% 60.6%

BaopuLi 59.9% 62.8% 61.4% 70.7% 60.3%
T2 59.6% 61.0% 60.4% 89.0% 59.9%

AHT 60.4% 59.4% 59.8% 93.3% 59.7%
Mag1 57.4% 58.3% 57.9% 66.4% 57.6%

T1 56.3% 56.2% 56.2% 89.7% 56.4%
MB-LBP-G 52.9% 67.1% 60.4% 87.0% 54.5%

T3 51.0% 51.1% 51.0% 97.1% 51.2%

Figure 2: Algorithms’ efficiency in blur recognition with SVM

Test algorithms also performed usually worse than most other algorithms. In the task of identifying cancerous tissue,
the best algorithms were: BaoupuLi, MB-LBP-C, LCVP, DFT-HT, AHT. However, these results are far below declared
by the authors of the original publications of efficacy (often over 90 %!) [1].

V. CONCLUSION

In the article, selected endoscopic image algorithms were tested and compared in the tasks of detection of blurry
and clear (informative/non-informative) frames, colorectal cancer and healthy colon. Tests were performed on a large
endoscopic video database, under the same conditions for all algorithms. The efficiency of recognizing diseases clearly
differed from those declared by the authors. In the task of blur recognition, the algorithms performed similarly (or
slightly better).
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Table IV: Efficiency in cancer recognition with ANN

Algorithm Sens. Spec. Acc. Video Overall
BaopuLi 79.5% 79.3% 79.4% 76.3% 79.3%

MB-LBP-C 79.5% 78.5% 79.0% 78.0% 78.6%
DFT-HT 77.4% 77.8% 77.6% 91.1% 77.6%
LCVP 75.2% 75.4% 75.3% 83.2% 75.3%
AHT 74.6% 74.6% 74.6% 92.7% 74.7%

Gastropathy 74.8% 74.1% 74.5% 92.2% 74.3%
MB-LBP-G 73.1% 73.4% 73.2% 87.2% 73.2%

T3 72.8% 73.1% 72.9% 92.6% 72.9%
Kodo 70.5% 70.2% 70.3% 87.6% 70.4%

T2 68.1% 67.5% 67.8% 91.1% 67.7%
Mag1 67.3% 67.9% 67.6% 90.0% 67.5%

T1 65.1% 69.2% 67.0% 94.9% 65.7%
Mag2 64.1% 65.0% 64.5% 78.0% 64.3%

PCK-T 63.7% 62.1% 63.0% 50.9% 62.1%
PCK-C 62.2% 60.8% 61.5% 94.4% 61.1%

Figure 3: Algorithms’ efficiency in cancer recognition with ANN

These results indicate the need for greater comparative tests across the field of the endoscopic image analysis. Such
tests should be performed on a single shared database, in the same way. The previous approach of the authors in the
field, consisting of only testing on their own (often small) data sets seems to be insufficient.
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4. Riaz F., Hassan A., Rehman S., Qamar U., Texture Classification Using Rotation- and Scale-Invariant Gabor Texture Features, IEEE
Signal Processing Letters, vol. 20, no. 6, 2013. Manjunath B.S., Ma W.Y., Texture Features for Browsing and Retrieval of Image Data,
IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 18, no. 8, 1996
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