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Abstract:



Wireless capsule endoscopy (WCE) is a technology developed to inspect the whole gastrointestinal tract (especially the small bowel area that is unreachable using the traditional endoscopy procedure) for various abnormalities in a non-invasive manner. However, visualization of a massive number of images is a very time-consuming and tedious task for physicians (prone to human error). Thus, an automatic scheme for lesion detection in WCE videos is a potential solution to alleviate this problem. In this work, a novel statistical approach was chosen for differentiating ulcer and non-ulcer pixels using various color spaces (or more specifically using relevant color bands). The chosen feature vector was used to compute the performance metrics using SVM with grid search method for maximum efficiency. The experimental results and analysis showed that the proposed algorithm was robust in detecting ulcers. The performance in terms of accuracy, sensitivity, and specificity are 97.89%, 96.22%, and 95.09%, respectively, which is promising.
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1. Introduction


Gastrointestinal tract (GIT) diseases, such as ulcer, bleeding, Crohn’s disease, cancer or chronic diarrhea are common nowadays. Bleeding and ulcer are some common lesions which affect the small and large bowel. In the United States, approximately 1.6 million Americans currently are currently suffering from inflammatory bowel disease (IBD), representing an increase of about 200,000 since 2011.There are approximately 70,000 new cases of IBD diagnosed each year, and there may be as many as 80,000 children who are suffering from Crohn’s disease (CD) or ulcerative colitis (UC) currently. Additionally, as illustrated reported in the first paper of this issue [1], the incidence number of occurrences of IBD is increasing worldwide [2]. The growth of IBD cases in newly-industrialized countries has paralleled its growth on par with that of the Western world 30 to 40 years ago. Genetic and environmental studies performed in these countries may provide new clues to the pathogenesis of IBD. However, it adds another layer of complexity since risk factors and gene-environment interactions may vary by continents and ethnicities [3]. Traditional endoscopy has been adopted for many years in order to diagnose abnormalities of GIT, whereby a physician controls a flexible endoscope to examine the lower and upper parts of GIT. This technique is limited to inspecting bowel of average length 7–8 m. It imposes high level of discomfort on the patient as well.



Wireless capsule endoscopy (WCE) [4,5] is a recent technology introduced by Given Imaging Ltd. (Yokne’am Illit, Israel) to visualize the entire GIT painlessly. It offers an efficient and comfortable way for visualizing the complete GIT. It has eight skin antennas mounted to the abdomen wall. While moving through the complete GIT, the capsule captures numerous images at approximately 2–4 frames per second (fps), and transfers them wirelessly to the data logger (DL) or recorder unit. This DL is hooked up to the patient waist and the videos/images are stored. Once the examination is complete (i.e., the WCE exits patient’s body after 8 h), the images can be downloaded to a dedicated computer from DL and inspected by clinical experts through specific software. This procedure produces more than 60,000 images per examination and experts spend about 4–5 h to inspect the whole video footage very carefully. In some mild cases, clinicians have to go through each frame manually, leading to visual fatigue. This tedious and time-consuming process is the main drawback of WCE. Various image processing techniques for automatic disease detection (based on size, shape, and depth, including performance matrices) have been developed. Automatic lesion detection, on the other hand, is more efficient for chronic cases.



In this particular work, we have extracted color features for various color spaces. We have analyzed each band in order to separate the ulcer and non-ulcer pixels. Furthermore, it was combined with cross-correlation measure in order to add similarity between two images or matrices. Classification task was performed using support vector machine with and without grid search method in order to quantify the result. The main contribution of this work is the implementation of a novel computer-aided diagnostic method which is used to discriminate ulcer pixels from non-ulcerated ones with high performance in terms of sensitivity, specificity, and accuracy.



This paper is organized in the following manner: Section 2 describes the research background and the related works. Section 3 demonstrates the methodology, and Section 4 describes experimental setup, results, and discussions. Section 5 concludes the current work.




2. Background and Literature


Researchers have ventured into the technology of using automated computer-aided design (CAD) tools, such as WCE for ulcer screening. Precious clinical information in some important lesion areas can be displayed on an image [6,7,8,9]. Deeba [6] has used Retinex theory and the salient region detection method for various pathologies, such as stenosis, chylous cysts, lymphangiectasis, polypoid, bleeding, angioectasia, and ulcers. They have used a color enhancement method to improve the diagnostic yield of the CAD system. A significant improvement in detection performance using the Retinex-based color enhancement method has been achieved. An unsupervised method [10] has been used to localize the region-of-interest in order to detect angioectasia. The utility of IHb index for angioectasia detection has been pioneered to detect other abnormalities.



Yuan [8] has used a saliency detection method based on multi-level super pixel representation in order to outline the ulcer candidates. They have evaluated the corresponding saliency in accordance with the texture and the color feature of each level in the super pixel region. The images have been categorized by using saliency max-pooling with locality-constrained linear coding (LLC).



Iakovidis [9] has presented a method to detect various abnormalities in GIT by considering color as a discriminative feature. This method has been tested on a WCE model. Here, the single image (instead of the complete WCE video footage) has been analyzed. The author [11] has reviewed some current CAD methods employed in enhanced video capsule endoscopy. Various hardware and software problems have been highlighted in a review article [12] for detecting lesions in the small bowel.



Peptic ulcers are usually found in the duodenum (duodenal ulcer) and in the stomach (gastric ulcer). They can be found in small and large bowel areas of the GIT as well. They may cause severe gastrointestinal perforation or gastrointestinal bleeding [13]. Usually, it appears as a white spot in WCE images. In severe cases, these ulcers are accompanied by bleeding and other abnormalities. Ulcer lesions and normal tissue can be differentiated by using color and texture features (see Figure 1).


Figure 1. WCE images with bleeding and ulcer. (a,b) Ulcer image; and (c,d) bleeding images.
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Feature selection [14] as practiced in machine learning is beneficial for supporting the WCE findings [15,16,17]. In general, feature extraction involves creating many new features mixed with the current ones. Due to the fact that the characterization of complete data variance is not possible after dimensional reduction, a highly-discriminative selecting feature [10] is undoubtedly necessary.



In order to classify the area of interest for capsule endoscopic images, first-order-histogram-based features extracted from various color spaces are very important. Relevant information can be extracted using various color spaces in order to describe the pattern of assured class. In case of bleeding detection, different color spaces [18] such as RGB (Red, Green, Blue), CMYK (Cyan, Magenta, yellow and Key [Black]), YIQ (Luma, chrominance information), CIE Lab, and HSI have been extensively investigated.



Yeh [13] used an improved CH algorithm (chosen name for the color coherence vector, CCV) to extract the color feature. The grey level co-occurrence matrix (GLCM) has been used to extract texture information. In our previous work [19], RGB and Lab color spaces have been chosen for statistical analyses of ulcer and non-ulcerated pixels. This paper extends the work of [19] by incorporating various color bands for statistical analysis.



Figueiredo et al. [20] has proposed a geometry-based automatic colorectal polyp detection method that has motivated the current work. The authors [21] have proposed a new computer-assisted bleeding detector for differentiating between bleeding and non-bleeding regions. The utilized second component from the CIE Lab color space with enhancement and segmentation techniques involves anisotropic diffusion.




3. Methodology


While analyzing the features, it is necessary to perform a few prior steps which are related to image processing. This section shows the complete flow of work. The proposed work focuses on reducing the analysis time while processing huge number of images. RGB color space is the most popular color scheme in visual system [22]; however, it has a few major disadvantages for natural images where high correlation between components can be observed [23]. Figure 2 depicts the flow of methodology for feature classification and extraction.


Figure 2. Methodology of proposed feature selection and classification.
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3.1. Image Processing and Enhancement


The video generated after WCE examination is usually saved in a raw format and it cannot be processed directly by any programming platform. Endocapsule software (MAJ-2039) (EC 10, Olympus, Seri Iskandar, Perak, Malaysia, 2014) was used to import raw video in Audio Video Interleave (AVI) format. Subsequently, MATLAB was used to extract all images from the entire video footage in tagged image file format (TIFF) format. We have chosen the TIFF format to represent the WCE color image because it has greatest strength to support the full range of image size, color depth, and resolution. It also supports various compression techniques, where lossless compression allows this format to maintain image resolution without loss of any detail related to image [24]. Image enhancement is essential before applying any techniques in image processing. It is a technique that is able to eliminate non-essential information from an image [25]. In this particular work, we have used wavelet de-noising [26] with three levels of decomposition. Additionally, the db2 wavelet with soft thresholding method was applied to eliminate redundant noise.




3.2. Feature Extraction and Feature Selection


In this section, we have generated various normalized color spaces for feature analysis. RGB, HSV, YCbCr, CIE Lab, YUV, XYZ, and CMYK color spaces have been chosen for feature extraction and feature selection. By using these secen color spaces, we have analyzed 22 separate color bands individually. These bands contain various information of lesion and it is essential to identify the best band for the classification step.



We have used two methods to identify the best suitable band by separating foreground (non-ulcerated) and ulcer pixels. These methods involve statistical analysis of foreground and ulcer pixels in each band. We have implemented the first method (or Method 1) named as the overlapping area (OA) to measure the overlapping area between ulcer and foreground pixels. The normal distribution curve for foreground and ulcer pixels is analyzed from each pixel set. Here, we are able to highlight the index of separation for each band which shows overlapping area between foreground and ulcer pixels. Of course, lesser overlapping area signifies better separation in a particular band. The second method (or Method 2) uses overlapping area with cross-correlation (OACCorr) value in each band. Cross-correlation [27] is a standard measure for determining similarity between two images or matrices. It is more accurate and computationally more efficient. Additionally, it depends on the calculation of covariance between two bands.



The method of fast normalized cross-correlation is fast, independent, and accurate (in terms of pixel contrast and brightness values) in computing image similarity. This technique involves the estimation of correlation between all bands in the data cube of band i. Equation (1) was used to estimate the correlation values of other bands in j data cube:


[image: ]



(1)




where [image: ] is the normalized cross-correlation between band i and j, [image: ]. is the intensity of pixel, (x, y) are the pixel indices within one band, and [image: ] is the mean of pixel intensity values of band i.



Table 1 shows the OA and OACCorr values for 22 color bands used in extracting the color features. We have used seven color spaces in the following order: RGB, HSV, YCbCr, CIE Lab, YUV, XYZ, and CMYK. The first color space is RGB with rgbR, rgbG, and rgbB color bands with allotted band numbers of 1, 2 and 3, respectively. The second color space is HSV with hsvH, hsvS, and hsvV color bands. Their allotted band numbers are 4, 5 and 6, respectively. The third color space is YCbCr with ycbcrY, ycbcrCB, and ycbcrCR color bands. Their allotted band numbers are 7, 8 and 9, respectively. The fourth color space is CIE Lab with CIE LabL, CIE LabA, and CIE LabB color bands. Their allotted band numbers are 10, 11 and 12, respectively. The fifth color space is YUV with yvuY, yvuU, and yuvV color bands of allotted band numbers 13, 14 and 15, respectively. The sixth color space is XYZ with xyzX, xyzY, and xyzZ color bands of allotted band numbers 16, 17 and 18, respectively. Finally, the seventh color space is CMYK with four bands, i.e., cmykC, cmykM, cmykY, and cmykK. Their allotted band numbers are 19, 20, 21 and 22, respectively. These entire bands are used as feature vector for further classification.



Table 1. Comparison of overlapping area with overlapping area and cross-correlation method.







	
Serial No.

	
OA

	
OACCorr




	
Band No.

	
Band Name

	
Band No.

	
Band Name






	
1

	
9

	
ycbcrCR

	
9

	
ycbcrCR




	
2

	
11

	
CIE LabA

	
21

	
cmykY




	
3

	
4

	
hsvH

	
11

	
CIE LabA




	
4

	
17

	
yuvU

	
4

	
hsvH




	
5

	
21

	
cmykY

	
3

	
rgbB




	
6

	
3

	
rgbB

	
17

	
yuvU




	
7

	
15

	
xyzZ

	
5

	
hsvS




	
8

	
5

	
hsvS

	
15

	
xyzZ




	
9

	
20

	
cmykM

	
8

	
ycbcrCB




	
10

	
16

	
yuvY

	
20

	
cmykM




	
11

	
8

	
ycbcrCB

	
16

	
yuvY




	
12

	
12

	
CIE LabB

	
12

	
CIE LabB




	
13

	
19

	
cmykC

	
19

	
cmykC




	
14

	
22

	
cmykK

	
22

	
cmykK




	
15

	
1

	
rgbR

	
1

	
rgbR




	
16

	
6

	
hsvV

	
6

	
hsvV




	
17

	
13

	
xyzX

	
13

	
xyzX




	
18

	
2

	
rgbG

	
2

	
rgbG




	
19

	
7

	
ycbcrY

	
7

	
ycbcrY




	
20

	
14

	
xyzY

	
14

	
xyzY




	
21

	
18

	
yuvV

	
18

	
yuvV




	
22

	
10

	
CIE LabL

	
10

	
CIE LabL










From Table 1 (columns 2 and 3), the overlapping areas of the respective band number and band name obtained using Method 1 are displayed in an incremental manner. For Method 2 (see columns 4 and 5 in Table 1), the overlapping areas added with standard measure of degree of similarity between two images are displayed in an incremental manner as well. For example, if the serial number 1 for feature extraction is analyzed using Method 1, it shows a chromium component (ycbcrCR) of YCbCr with band number 9 that has a lesser overlapping area between ulcer and foreground pixels. If the result of Method 2 is analyzed, the same band (ycbcrCR) is selected as well.




3.3. Machine Learning


SVMs are accurate as they contain appropriate kernels that work well even if the data is not linearly separable in the base future space. By using the kernel functions of SVM [28], one can perform a non-linear classification more accurately by mapping its input to high-dimensional feature spaces [29]. There are various hyperplanes that separate the classes; however, it is important to select the best one which has the largest distance to the nearest data point of two classes. Grid search [30] is the conventional method of performing the optimization of hyper parameter utilizing parameter sweep or grid search through a manually specified subset of the hyper parameter of a learning algorithm. This algorithm must be guided by some performance metric, normally measured by evaluation on a held-out validation set or by cross-validation of the training dataset. For this work, we are using an SVM classifier with an RBF kernel having at least two parameters (regularization constant C and kernel hyper parameter γ) that need to be tuned to achieve high performance on the testing data. The mathematical descriptor is shown below for a binary classification problem: {(x1, y1), (x2, y2), …, (xk, yk)}, where xi ∈ Rn represents the n-dimensional feature vectors, and yi ∈ {1, −1} is the corresponding class label. The SVM requires the solution of the following optimizing problem:
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(2)







Here, εi is the slack variable for misclassified examples, and C is the penalty parameter of error term. In addition, K(xi, xj) = ϕ(xi)Tϕ(xj) is the kernel function. Basically, there are four kernel functions used for pattern recognition and classification: linear kernel, polynomial kernel, radial basis function (RBF), and sigmoid kernel. We have adopted the RBF [28] kernel in this paper:
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(3)







Here, γ is the parameter which must be carefully selected in the experiment. The optimum values for parameter C and log2γ were selected from the range: (−8, 7, 6, …, 6, 7, 8). The grid method [29] was adopted as the searching procedure (a 0.8 step was used). Each γ and C value pair was used in the training data with ten-fold cross-validation in order to evaluate the model performance. Once the optimal values of γ and C were found, they were adopted to train a new SVM model.





4. Experimental Results and Discussions


This work was assisted by the expertise from the endoscopy unit in University of Malaya Medical Centre (UMMC), Kuala Lumpur, Malaysia for medical/clinical advises. The UTP team, on the other hand, was responsible in providing the engineering solutions. We accumulated 30 videos of various abnormalities. Moreover, the experts provided us the ground truth for these videos with labelled ulcerated lesions. This dataset serves as the reference data set for our subsequent analysis. The WCE pill used for generating the dataset was Endocapsule developed by Olympus. The resolution of the dataset provided was 288 × 288. The processor used for this work was Intel (R) Core(TM) i7-2600 CPU @3.20 GHz (Dell Optiplex 990, Seri Iskandar, Malaysia) with 8 GB memory. The chosen programming platform was MATLAB R2017a (Matlab 9.2, MathWorks, Malaysia, 2017).



4.1. Dataset Selection


Our dataset consisted of 48,000 WCE images. These images (16,000 of them) were divided into three groups. In each group, we used 8000 images to create our training set (5000 images were ulcer samples and 3000 images were normal samples) and 8000 images in testing set (5000 images were ulcer samples and 3000 images were normal samples). These images were accumulated from 30 patients and manually-labelled by gastroenterologists.




4.2. Results of Statistical Analysis


The results are presented in Table 1.



From Table 1, it is apparent that the overlapping area method (Method 1) can better reveal the ulcer information with the following bands (arranged in the descending performance): ycbcrCR, cmykY, CIE LabA, hsvH, rgbB, yuvU, and CIE LabL. Similarly, by using overlapping area with cross-correlation (Method 2), bands such as ycbcrCr, cmykY, rgbB, and hsvS contains more information for ulcer lesion. In Figure 3, we have extracted the feature vector for each band using Method 1 and Method 2. By choosing 50% of overlapping area and cross-correlation, it gives us six color bands such as ycbcrCR, cmykY, CIE LabA, hsvH, rgbB, and yuvU (i.e., the first six output rows of Table 1) using Method 1 and four color bands such as ycbcrCr, cmykY, rgbB and hsvS (i.e., the first four rows in Table 1) using Method 2. We found that the performance classifiers such as sensitivity, specificity, and accuracy are similar when more than 50% of overlapping area and cross-correlation are chosen. Otherwise, the performance is degraded and we might not be able to extract sufficient features.


Figure 3. Comparison of overlapping area and Weighted correlation value.
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The x-axis in Figure 3 shows the color bands for Method 2 (i.e., similar to column 5 in Table 1). A total of 50% of overlapping area (six feature vectors) and cross-correlation (four feature vectors) is taken as feature vector for Method 1 and Method 2. For Method 1 (OA), data on blue line containing ycbcrCR, cmykY, CIE LabA, hsvH, rgbB, and yuvU are chosen as feature vector as they have less overlapping area between ulcer and foreground pixels. For Method 2 (OACCorr), data on red line containing ycbcrCR, cmykC, rgbB, and hsvS are chosen as feature vector the overlapping areas added with standard measure of degree of similarity between two images are displayed in an incremental manner. The selected feature vectors were further fed into the classifier in order to analyze the algorithm performance in terms of sensitivity, specificity, and accuracy.



These bands provide the best result in terms of separating the ulcerated and non-ulcerated pixels. To enhance the result of classification, we fed the selected band to the SVM classifier. In this classifier, we used radial basis function (RBF) as kernel for the SVM. The result of classification for performance matrices is shown in Table 2.



Table 2. Sensitivity, specificity, and accuracy using SVM classifier.







	
Methods

	
Color Bands






	

	
Cr, Y, A, H, B, U

	
Cr, Y, A, H, B

	
Cr, Y, A, H




	
Method 1

	
SVM (OA)

	
Sen

	
Spe

	
Sen

	
Spe

	
Sen

	
Spe




	
90.32

	
90.55

	
91.98

	
91.56

	
91.58

	
91.23




	

	

	
Cr, Y, B, S

	
Cr, Y, B

	
Cr, Y




	
Method 2

	
SVM (OACCorr)

	
Sen

	
Spe

	
Sen

	
Spe

	
Sen

	
Spe




	
92.58

	
91.84

	
93.76

	
92.91

	
93.08

	
91.36











4.3. Performance Metrics


Performance metrics such as accuracy (Acc), sensitivity (Sen), and specificity (Spe) were computed to evaluate the effectiveness of the proposed method. For the experimentation on GIT image data set, the positive sample represents lesion images and the negative sample represents normal images. The equations for sensitivity and specificity can be expressed as:


Accuracy (Acc) = TP + TN/(TP + TN + FP + FN)



(4)






Sensitivity (Sen) = TP/(TP + FN)



(5)






Specificity (Spe) = TN/(FP + TN)



(6)




where TP represents the number of true positives, TN represents the number of true negatives, FP represents the incorrect positive image samples identified and FN represents the incorrect negative image samples identified. From the clinical experts, sensitivity defines the probability of a positive analysis and specificity is the probability of a negative analysis.



In Table 2, SVM (OA) is depicted as Support vector machine for overlapping area. It is computed for seven bands, six bands, and five bands and the results are shown in Table 2. Similarly, SVM (OACCorr) is a support vector machine for overlapping area with cross-correlation value and it is computed for four bands, three bands, and two bands. Here, Cr, Y, A, H and B give better results for Method 1 (OA). On the other hand, Cr, Y and B give the best result with Method 2 (OACCorr). Specifically, Method 2 is more promising than Method 1. The above results shows that combining various color bands can provide more meaningful results.



Figure 4 shows the analyses of SVM (OACCorr) by using grid search method (WGS) and without grid search method (WOGS). The accuracies of 3 datasets have been compared. From the results taken from Cr, Y, B color bands, the extracted feature is more obvious using grid search method. For this method, the average accuracy, sensitivity, and specificity are 97.89%, 96.22% and 95.09%, respectively.


Figure 4. Performance of the proposed method.
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Additionally, we have compared our results of classification with others as presented in Table 3. It is important to note the dataset provided by other authors might be extracted from different capsule. Therefore, for comparison purpose, the dataset employed in the current work has been used for all methods, including those reported by other researchers (Table 3 shows the dataset used by other authors). The authors in [31] combined the merits of both Contourlet transform and Log Gabor filter in HSV color space; however, their dataset was very small. Author from [13] utilized RGB and HSV color space and classification was performed using MLP neural network. By using color coherence vector (CCV), a promising result was attained. As reported in [32], color wavelet covariance feature was used on various color spaces, and Texton boost was applied to classify normal and abnormal tissues. It is interesting to note that the proposed method shows higher sensitivity and higher specificity even for a very large dataset.



Table 3. Comparison of performance with other author work.







	
Author

	
Color Space/Bands

	
Classifier

	
Dataset

	
Acc (%)

	
Sen (%)

	
Spe (%)






	
[31]

	
HSV

	
SVM

	
137 images

	
94.83

	
91.89

	
97.16




	
[13]

	
RGB, HSV, CCV

	
MLP

	
448 images

	
86.93

	
89.03

	
85.56




	
[32]

	
Various color space

	
Joint boost

	
100 images

	
NA

	
91.67

	
84.73




	
Proposed

	
Cr, Y, B

	
WGS SVM (OACCorr)

	
48,000 images

	
97.89

	
96.22

	
95.09












5. Conclusions


This paper has outlined a new method for detecting ulcer in an entire GIT. This method utilizes the divide-and-conquers technique to extract ulcer frame from a complete video footage. Statistical analysis has been performed to achieve higher separation between ulcer and non-ulcerated pixels. This technique has sub-parts for computing feature vectors in order to reveal highly-relevant information for ulcer and non-ulcer pixel discrimination which includes image enhancement, transformation of various color space, statistic feature computation, and classification. Statistical analysis has been performed to achieve higher separation between ulcer and non-ulcerated pixels by using this technique. The pixels have been classified using seven color spaces. Instead of using any single color space, it is more important to extract band information using various color spaces in order to achieve more accurate results. In this proposed method, Cr, Y, and B bands have been selected from YCbCr, CMYK, and RGB color spaces, respectively. Additionally, overlapping area with correlation using grid search method has increased the performance in separating the ulcerated pixels from normal pixels. Grid method has been adopted as the searching procedure (0.8 step was used). Each γ and C value pair has been used in the training data with ten-fold cross-validation in order to evaluate the model performance. A large dataset has been used to create training and testing dataset in order to obtain meaningful result. In this work, the sensitivity and the specificity of ulcer classification using the grid search method in SVM are 96.22% and 95.09%, respectively, which are substantially higher than those of classification without grid search method (93.76% and 92.91%, respectively). The main contribution of this work is the implementation of a novel computer aided diagnostic method which can be used to discriminate ulcer pixel from non-ulcerated pixel. The method exhibits promising performance in terms of sensitivity, specificity, and accuracy. The current work has paved the way to providing a reliable computer-aided WCE diagnosis system.
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	AVI
	Audio Video Interleaved



	CAD
	Computer Aided Design



	CCV
	Color Coherence Vector



	DL
	Data Logger



	GIT
	Gastrointestinal Tract



	GLCM
	Grey Level Co-Occurrence Matrix



	LLC
	Locality-constrained Linear Coding



	OA
	Overlapping Area



	OACCorr
	Overlapping area with Cross-correlation



	RBF
	Radial Basis Function



	SVM
	Support Vector Machine



	WCE
	Wireless Capsule Endoscopy
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	With Grid Search



	WOGS
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