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    Abstract: Background: Gastrointestinal (GI) tract 
abnormalities are most common across the world, and it is a 
significant threat to the health of human beings. Capsule 
endoscopy is a non-sedative, non-invasive and patient-friendly 
procedure for the diagnosis of GI tract abnormalities. However, it 
is very time consuming and tiresome task for physicians due to 
length of endoscopy videos. Thus computer-aided diagnosis 
(CAD) system is a must.  
Methods: This systematic review aims to investigate 
state-of-the-art CAD systems for automatic abnormality detection 
in capsule endoscopy by examining publications from scientific 
databases namely IEEE Xplore, Science Direct, Springer, and 
Scopus.  
Results: Based on defined search criteria and applied inclusion 
and exclusion criteria, 44 articles are included out of 187. This 
study presents the current status and analysis of CAD systems for 
capsule endoscopy.  
Conclusion: Publicly available larger dataset and a deep learning 
based CAD system may help to improve the efficiency of 
automated abnormality detection in capsule endoscopy. 
 

Keywords : capsule endoscopy, automated abnormality 
detection, computer-aided diagnosis 

I. INTRODUCTION 

Diseases related to Gastrointestinal (GI) tract such as ulcer, 
bleeding, cancer, Chron’s disease and, many more are a 

significant threat to the health of human beings. GI cancer is 
not only one of the most common cancers but also one of the 
most common causes of cancer mortality[1]. As per world 
health organization (WHO) agency Globocan data 2012, out 
of estimated 1.01 million new cancer cases in India, 22.7% of 
cancers were located in GI tract. Similarly, out of about 
682,000 cancer-related deaths, approximately 26.6 % deaths 
were because of GI cancers [2]. The remaining GI tract 
diseases will certainly add up to the statistics thereby realizing 
the acute need of precise diagnosis and proper treatment of 
the same. GI tract diseases are diagnosed mainly by 
endoscopic procedures namely push endoscopy, enteroscopy, 
intra-operative endoscopy and capsule endoscopy [3]. 
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Amongst all endoscopic procedures, capsule endoscopy (CE) 
is an invasion free, sedation free and most friendly procedure 
for the patients in general and children in particular. Unlike 
other procedures, cleaning and sterilization is also not a 
concern as there is no need to retrieve the capsule. Figure 1 
shows various components of a swallow-able capsule used for 
CE.  

 
Figure 1: Components Of Swallow-Able Capsule 

Given Imaging Inc. introduced CE in the year 2000. The same 
was approved by the U.S. FDA [4]. Since then over 1,000,000 
Pillcam small bowel (SB) capsules have been utilized by year 
2015. However, the CE video is very lengthy in nature. The 
duration the CE video is nearly 8 hours. Such a video 
generates approximately 60000 images due to which the 
analysis becomes tiresome and requires lots of time. The large 
number of images, appearance and dynamics of the GI tract 
and requirement of focused effort are the reasons affecting the 
diagnostic procedure. Such a scenario calls for use of a 
computer-aided diagnosis (CAD) system. Such a system can 
certainly reduce the effort of experts an hep them with the 
diagnosis [5]. A CAD can provide a secondary opinion to a 
gastroenterologist with in a quick and precise system [6]. In 
the field of imaging in medical science, CAD is an upcoming 
important research area equipped of providing accurate 
diagnosis [7]. The final objective of a CAD system is to 
reduce error in interpretation, reduce search errors and, 
reduce variation among observers [8]. A typical CAD system 
for CE may be built from following components: (a) The 
capsule to capture and transmit data (b) A belt on waist of the 
patient to receiver and store data (c) A pre-processing and 
feature extraction component (d) A decision support system 
built from pattern recognition and machine learning 
techniques (e) A user interface to generate reports.  
The input as received from the capsule contains much of 
non-informative and noisy content much like any other data 
acquisition unit. The pre-processing stage insures that such 
non-informative and noisy components are removed before 
processing the data to improves upon the  computational 
efficiency and overall system performance [9,10]. The 
pre-processing and feature extraction converts the input into 
machine friendly form for improving results [11].  
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Some prominent techniques for pre-processing in CE are 
Poisson maximum likelihood estimation, contrast stretching, 
histogram equalization and, adaptive contrast diffusion 
[12,13].  

Segmentation is essentially the process of identifying a region 
of interest (RoI) from the whole image. So that one can focus 
on 

RoI only. It is done by edge based or region based or a 
combination of both these methods. Few prominent methods 
for segmentation of CE images are total variation(TV) model 
– a hybrid active contour model [14], Hidden Markov 
Model(HMM) - a statistical model [15] and, probabilistic 
latent semantic analysis(pLSA) - an unsupervised machine 
learning technique [16].  
Feature extraction gives most discriminative and 
non-redundant information about the image. This is the most 
critical and the most difficult step [17].  
Classification is the final stage of a CAD system. With the aim 
to discover hidden patterns from the dataset, data mining 
process assigns classes or labels to different groups using 
appropriate techniques of machine learning [18,19]. Figure 2 
presents the entire process. Core contribution of this study is 
to present state of the art proposed in the literature on CE 
abnormality detection that focuses on various features, 
machine learning techniques and their performance in 
predicting various abnormalities related to GI tract. The 
organization of this paper is as follows: Section 2 “Materials 

and Methods” describes the methodology of conducting this 
review. Section 3 shows “Results.” Section 4 provides 
“Discussion” and finally Section 5 gives “Conclusion and 

future work.” 

II. MATERIALS AND METHODS 

The objective of this study is to find publications related to 
CAD systems devised for abnormality detection in CE based 
on medical image analysis. The primary aim of this review is 
to provide solutions of following research questions (RQ): 
RQ1: What features are currently used for various 
abnormality related to GI tract as seen through CE? 

RQ2: Which techniques are currently devised for CE CAD 
systems? 
RQ3: Which abnormalities are currently addressed? 
RQ4: What are the prevailing evaluation criteria for 
performance assessment of CE CAD system? 
RQ5: Which datasets are used for development of CE CAD 
systems?With the search criteria as “wireless capsule 

endoscopy,” “engineering,” “computer science,” and 
“journals” following electronic repositories were searched: 
IEEE Xplore (www.ieeexplore.ieee .org), Springer 
(www.link.springer .com), Science Direct 
(www.sciencedirect.com) and, Scopus  (www.scopus.com). 
Most of the publications are studied till April 2018 since the 
inception. Few relevant publications may have been left out 
unintentionally. All relevant publications were studied, but 
only publications that satisfy the inclusion criteria were 
included rest were excluded. The inclusion criteria are as 
follows: (1) at least one GI tract abnormality detection is 
possible; (2) at least one computer vision or machine learning 
technique is used; (3) all articles must be full-length papers. 
This study presents information extracted and analyzed from 
each paper based on features, techniques used, abnormality 
addressed, performance and data set used. Figure 3 shows the 
flow diagram of selection of retrieved studies. It is important 
to note that many articles used multiple techniques and thus 
all techniques were counted while summarizing details. Table 
1 shows the list of journals and their corresponding number of 
articles included in this systematic review. 22 articles are 
from Elsevier journals, 10 articles from IEEE journals, 10 
articles from Springer journals and 1 article from PubMed 
and MDPI. Figure 4 shows year wise number of articles 
published in various journals stated in Table 1. 

 

 
Figure 2: Diagrammatic Representation Of Entire Process 
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Figure 3: Flow Diagram of selection of retrieved studies 

 
TABLE 1: List Of Journals And Their Corresponding Number Of Articles 

Elsevier Springer IEEE MDPI PubMed 
Engineering applications of 
artificial intelligence (1) 

OPTIMIZATION AND 

ENGINEERING (1) 

IEEE transactions on 
biomedical engineering (3) 

Applied 
sciences (1) 

Medical electronics & 
biological engineering 
(1) 

Neurocomputing (2) JOURNAL OF MEDICAL 

SYSTEMS (3) 

IEEE transactions on 
medical imaging (4) 

  

Biomedical signal 
processing and control (2) 

MEDICAL & BIOLOGICAL 

ENGINEERING & 

COMPUTING (1) 

IEEE transactions on 
information technology in 
biomedicine (1) 

  

Computers in biology and 
medicine (7) 

JOURNAL OF REAL-TIME 

IMAGE PROCESSING (1) 

IEEE journal of biomedical 
and health informatics (1) 

  

Image and vision 
computing (1) 

Journal of shanghai 
jiaotong university 
(science) (1) 
 

IEEE transactions on 
automation science and 
engineering (1) 

  

Artificial intelligence in 
medicine (1) 

Cluster computing (1)    

Computer methods and 
programs in biomedicine 
(3) 

MULTIMEDIA TOOLS AND 

APPLICATIONS (1) 

   

Expert systems with 
applications (1) 

Ipsj transactions on 
computer 
Vision and applications (1) 

   

Computerized medical 
imaging and graphics (3) 

    

Medical image analysis (1)     
 

187 records identified through database searching 

143 records after duplicates removed 

143 records screened 99 records excluded 

44 full-text articles assessed 
for eligibility 

44 studies included in 
systematic review  
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Figure 4: Year-Wise Number Of Papers Included In The Study 

 

III. RESULTS 

This study reviewed literature focused on CAD systems for 
automated abnormality detection in CE. However, CAD 
system encompasses other components related to computer 
vision and machine learning which improves or facilitates 
CAD systems. Image interpretation and image enhancements 
techniques such as the model of deformable rings (MDR) 
[20], 3D reconstruction [3] of GI tract and adaptive contrast 
diffusion [13] provides user-friendly visualization and 
removes noise related CE images leading to better CAD 
systems. Redundant image elimination and video 
summarization techniques such as ensemble classifiers [21], 
unsupervised data reduction algorithm [22], support vector 
machine (SVM) based segregation [9], statistical control 
charts [23], duplicate neighbour removal [10], saliency map 
[24], Semi-supervised clustering and local scale learning 
(SS-LSL) [25] reduces the length of the video to be examined 
thereby saves time and effort. Region identification and 
segmentation techniques such as super pixel method [26] and 
Octree-based convolutional neural networks (O-CNN)  [27] 

identify the region of interest. Video and image compression 
techniques such as JPEG [28], wavelet transform [29], 
statistic prediction scheme [30], hardware-based approach 
[31], Differential pulse code modulation (DPCM) [32,33], 
colour spaced based approaches [34–36], video code based 
approach [37] compresses the data to make it transfer and 
storage friendly. In this study, our interest was to explore 
various computer vision and machine learning technique used 
in existing CAD systems for abnormality detection in CE. 
This section presents an analysis of results from 1964 to April 
2018. Even though the publication of 1964 did not involve 
CAD, but it conceptualizes the idea of a radio-pill (wireless 
capsule) for motility analysis of small bowel. Publications on 
CAD systems started just a decade back from 2007. The year 
2016 has the most number of publications and a new trend 
towards deep learning for CE is also observed from the same 
year. Table 2 presents the resultant information divided into 
features, technique used, abnormality addressed, performance 
and dataset. Based on data extraction process, the relevant 
details are summarized in Table 2, and detailed analysis is 
presented in subsequently. 

 
Table 2: Summary Of Results 

Reference Features  Technique used Abnormality Performance Dataset 
[38] Small intensity movements - Motility Analysis - - 
[39] Total features: 9*6 = 54. 

9 measures for 6 colour 
planes.  
{ entropy, 
energy, inverse 
difference moment,  
standard deviation, variance, 
skew, kurtosis,  
contrast, covariance } 
*{R, G, B, H, S, V} 

Multiple classifier 
Radial basis function 
(RBF) and Adaptive 
neuro-fuzzy logic 
system (AFLS) 

Abnormal image For RBF 
Predictability = 95.71% 
Sensitivity = 95.71% 
Specificity = 95.71%  
For AFLS 
Predictability = 98.57% 
Sensitivity = 97.18%  
Specificity = 98.55%  

140 
images 
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[11] Total features: 9*6 = 54. 
9 measures for 6 color 
planes.  
{ entropy, 
energy, inverse 
difference moment,  
standard deviation, variance, 
skew, kurtosis,  
contrast, covariance } 
*{R, G, B, H, S, V} 

Multiple classifier 
RBF+AFLS+ fuzzy 
inference neural 
network (FINN) 

Abnormal image For RBF  
Predictability = 95.71% 
Sensitivity = 95.71% 
Specificity = 95.71%  
Accuracy=91.43% 
For AFLS 
Predictability = 98.57% 
Sensitivity = 97.18%  
Specificity = 98.55%  
Accuracy=95.71 
For FINN:  
Accuracy = 94.28% 

140 
images 

[40] Spatial ,edge and temporal 
features 

Clustering Motility Analysis False alarm rate= 37% 
Detection rate=81% 

6 
videos  

[41] Total features: 4*3*6 = 72. 
4 measures {entropy, 
intensity, homogeneity, 
energy} For 3 Discrete 
wavelet transform (DWT) 
Components, For 6 colour 
bands {R,G,B,H,S,V}.  

1D classifier with the 
leave one out method  

Abnormal image Accuracy = 94.7% 75 
images 

[42] 36 patches on 30 * 30 were 
identified and chromatic 
moment for each patch is a 
feature.  

Neural Network (NN)  Ulcer, Bleeding For Ulcer detection: 
Specificity=84.68±1.80 
Sensitivity=92.97±1.05 
For bleeding detection: 
Specificity=87.81±1.36 
Sensitivity=88.62±0.44 

100 
images 

[43] 6 measures {standard 
deviation,  kurtosis, entropy, 
energy, skew, mean} of 
uniform LBP histogram. 

Multi layer Perceptron 
(MLP), SVM 

Ulcer Accuracy=92.37%, 
Sensitivity=93.28% 
Specificity=91.46%, 
 

100 
images  

[44] Total features: 256*3 = 768 
Pixel intensity value of image 
block size 256 for each of 
color plane {R, G, B}.  

SVM Bleeding Accuracy = 99% 640 
images 

[45] 6 measures {standard 
deviation, kurtosis, entropy, 
energy, skew, mean} of LBP 
histogram from I color space 
of HSI and Chromatic 
moments  

MLP Bleeding Detection rate = 90% 200 
images 
 

[46] GI myoelectrical activity Fast Fourier transform 
(FFT)  

Motility Analysis - 2 
videos 

[47] Blob, color and texture based 
54 features 

SVM Motility Analysis Sensitivity=70% 10 
videos 

[48] Pixel intensity and distance 
map 

Clustering Bleeding Sensitivity = 92%, 
Specificity = 95% 

960 
images 

[49] Geometric features {entropy, 
contrast, homogeneity, 
inverse moment} 

SVM Ulcer, Polyp For ulcer detection: 
Sensitivity=75% 
Specificity=73.3% 
For polyp detection: 
Sensitivity=96.75% 
Specificity=72.45% 

50 
images 
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[50] Total features: 3*3*6=54. 
3 bands {LH,HL,HH} * 3 
colour planes {R,G,B} * 6 
statistical measures 
{standard deviation, 
skew, energy, mean, kurtosis, 
entropy } 

Ensemble classifier Tumor Accuracy=90.50%, 
Sensitivity=92.33% 
Specificity=88.67%. 

1200 
images 

[51] colour features values of 
{R,G,B,H,S,I} 
Total features: 6 

Probabilistic neural 
network (PNN) 

Bleeding Sensitivity=93.1% 
Specificity=85.5%. 

14630 
images  

[52] Dif lac analysis represents 
the feature vector. 

Linear classifier, 
Mahalanobis, 
SVM-RBF, NN  

Abnormal image Mean accuracy > 95% 176 
images 

[53] 18 Uniform LBP features  SVM Polyp Accuracy=91.6% for 
RGB colour space 

1200 
images 

[54] 6 measures (standard 
deviation, skew, kurtosis, 
entropy, energy, mean) of 
Texture spectrum histogram 
(TSH), RIULBP and 
Curvelet-based local binary 
pattern (CLBP) and Colour 
wavelet covariance (CWC) is 
taken as a feature vector 

SVM Tumor For RIULBP color 
features 
Average accuracy = 
83.50% 

1200 
images 

[55] Uniform LBP histogram 
{10}, 2 level DWT {7}, 3 
bands for 3 colour space 
=10*7*3*3=630 features.  

SVM Tumor Detection Accuracy = 
92.4% 

1200 
images 

[56] - Dynamic 
programming 

Motility Analysis Visual inspection is 4 
times faster 

videos 

[57] 279 texture features  
And  
21 color bands lead to 
279*21=5859 features. 
Reduced to 2494 features 

Vector supported 
convex hull method  

Bleeding, Ulcer For bleeding: 
Recall = 0.875  
Precision =0.732  
Jaccard index =0.487 
 
For Focal Ulcer: 
Recall = 0.932 
Precision =0.696  
Jaccard index= 0.235 
 
For Excessive Ulcer: 
Recall=0.917 
 Precision =0.669 
Jaccard index= 0.621 

613 
images 

[58] 5 measures { entropy, 
energy, mean,  standard 
deviation, skew} from 3 
colour space {R,G,B} 
Total features: 15 

MLP Bleeding Specificity=90%, 
Sensitivity=96%, 
Accuracy=93% 

100 
images 

[59] 130 texton histograms 
generated from Leung and 
Malik (LM) and LBP filter 

k-nearest neighbour 
(KNN) 

Bleeding, 
Erythema, 
Erosion, Ulcer, 
Polyp 

Recall =92% and 
Specificity =91.8%  

1750 
images 

[60] Geometric feature Binary classifier Polyp Sensitivity=81% 
Specificity =90% 

18968 
images 

[4] Total features: 24+80+14= 
118 
24 color, 80 edge, and 14 
texture features. 

SVM-RBF, HMM Polyp For Polyp: 
Accuracy=0.933 
Recall =0.933  

13 
videos 
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[61] Total Features: 6*3=18 
Normalized GLCM and 
Haralick based 6 
features{contrast, sum 
entropy, sum variance, 
difference variance, 
difference average, Entropy} 
for 3 colour bands {R,G,B} 

SVM Bleeding Accuracy=99.19%, 
Sensitivity99.41%= 
and  
Specificity=98.95% 
 

2920 
images 

[62] Color features Binary classifier Bleeding Processing rate: 
344 fps which is 256 
times faster than 
sequential execution 

-  

[63] Total features: 
85+24+12=121 
MPEG-7 edge features, 
texture and color features.  

SVM Crohn’s Disease Precision and Recall 
> 90% 

513 
images 

[64] The saliency of color and 
texture 

SVM Ulcer Accuracy=92.65%  
Sensitivity=94.12% 

340 
images 

[65] Motility bar Mean shift clustering Motility analysis - 10 
videos 

[66] Edge density estimation The parallel 
executable algorithm  

Inflammation Basic approach: 
Accuracy=84% 
Advanced approach: 
Accuracy=90% 

231 
images  

[67] Total features: 310 
6 texture descriptors will 
result in 126-second order 
statistics and 84 high order 
moments.  

Genetic Algorithm 
(GA), SVM 

Tumor Accuracy=97.3%,  
Sensitivity=97.8%, 
Specificity=96.7% 

1800 
images  

[68] H,S,V colour space pixel 
intensity values 

SVM Bleeding Sensitivity 94% , 
Specificity 91%,  
Accuracy 92% 

8500 
images 

[69] YCbCr and Joint 
diagonalization principal 
component analysis 
(JD-PCA) based features 

ODR-BSMOTE-SVM 
(OB-SVM)  

Cancer Oesophageal cancer 
images: 
Accuracy=90.75%, 
Standard 
deviations=0.0426 
Areas under the 
curves=0.9471 
Standard 
deviations=0.0296 
 
Early gastric cancer 
images: 
Accuracy=90.75% 
Standard 
deviations=0.0334 
Areas under the 
curves=0.9532 
Standard 
deviations=0.0285 
 
Small intestinal  

1330 
images 
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    bleeding images: 
Accuracy=94.34%, 
Standard deviations= 
0.0235 
 
Areas under the 
curves=0.9776 
Standard 
deviations=0.0172 

 

[70] Colour features SVM Bleeding Accuracy= 95.75%, 
Sensitivity= 92% , 
Specificity= 96.5%, 
AUC = 0.9771 

2400 
images 

[71] SIFT+CLBP based 384 
features 

SVM Polyp Accuracy=93.20% 2500 
images 

[72] Histogram of avg. intensity Rusboost Hookworm Accuracy=78.2%, 
Sensitivity=77.2%, 
Specificity=77.9% 

44000
0 
images 

[73] Generic features Convolutional neural 
networks (CNN) 

Motility Analysis Mean accuracy=96% 12000
0 
images 

[74] Cluster based features k-mean clusturing, 
SVM 

Bleeding sensitivity =96.22%, 
specificity=98.54% , 
accuracy = 98.04% 

2350 
images 

[75] Total features: 5*3 planes 
=15. Mean, Standard 
deviation, Entropy, 
Skew and Energy  

SVM Bleeding accuracy = 95%, 
sensitivity = 94% 
,specificity = 95.3% 

8872 
images 

[76] Centroid, area, eccentricity, 
mean, standard deviation 

Naïve Bayes Bleeding - - 

[77] Total features: 54 
 (9 LBPV histograms of 9 
DWT components * 6 
statistical features) 

SVM, MLP Abnormal images Accuracy =97.0 %, 
Sensitivity =96.4 %, 
Specificity =98.5 %  

1670 
images 

[78] Statistical features SVM Ulcer Accuracy =97.89%, 
Sensitivity =96.22%, 
Specificity =95.09% 

48000 
images 

[79] Kanade-Lucas-Tomasi 
(KLT) feature points 

Affine transform Red spot, 
Phlebectasi, 
Angiodysplasia, 
Lymphangiectasia, 
Erosion, 
Erythematous, 
Ulcer, and 
White-tipped villi 

- 120 
images 

A. Features used 
The features must be optimal in size and should be able to 
distinguish between normal and abnormal images. Since 
different abnormalities exhibit different properties, a wide 
range of features is used as observed in this study. Figure 5 
shows image of a few abnormalities [80]. Textural, color, 
geometric, spatial, edge, temporal and generic features are 
amongst the most used features. Novel hybrid features like 
curvlet based LBP, distance map and texton number are also 
experimented in a few publications.     

a b c 

Figure 5: Images Of Various Abnormalities (A) Bleeding 
(B) Ulcer (C) Angioectasia 
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General prediction about presence or absence of abnormality 
uses features such as textural, combination of 
 statistical measures with DWT transform bands and Dif Lac 
analysis. 
Ulcer detection uses features such as chromatic moments, 
textural, geometric, a combination of statistical measures over 
different color planes and the combination of color and 
texture features. 
Motility analysis uses features such as cluster-based, spatial, 
edge, temporal, a combination of color and textural and 
generic ones. 
Bleeding detection uses features such as a combination of 
statistical measures over different color space, cluster-based, 
color and textural features.  
The extracted features are fed to a classifier for CAD of CE 
images.  
B. Machine learning techniques used 
 Several machine learning techniques are used in CAD 
systems for detection, classification, and diagnosis of 
abnormalities of GI tract. Essentially the input data called 
training data is used to generate a model for classification. 
Then this model is tested on another set of input data called 
testing data. If the performance is not satisfactory, then the 
model can be re-trained with different parameters to achieve 
acceptable performance.  Based on features extracted the 
machine learning model is established and employed to detect 
GI tract abnormalities from CE images automatically. The 
obtained data is analyzed using a pie chart as shown in figure 
6. SVM is a supervised classifier, and it is found to be the 
most used machine learning technique in the publications 
studied in this systematic review. Based on training data SVM 
creates a hyperplane which is used as a boundary to 
differentiate between two classes of data. The closest points to 
the hyperplane play a significant role as they define the class 

margins or boundaries[81]. Once this model is created, it is 
used to classify unknown instances of testing data. In this 
systematic review, 41% of all techniques use SVM. 
Clustering is unsupervised machine learning technique. It 
works on the concept of similarity measures. Instances with 
most similarity are grouped, and similarity between two 
groups is very less. Based on pixel intensity and distance map 
regions with and without bleeding are efficiently identified in 
[48]. Clustering techniques are also used for segmentation 
and feature extraction in the studied literature. Neural 
network classifier is inspired from a biological neuron. It is 
made up of consecutive layers namely input layer, a hidden 
layer, and an output layer. Articles examined in this study use 
the fuzzy neural network, probabilistic neural network and 
multilayer perceptron for abnormality detection. Ensemble 
classifier encompasses optimized classifiers, and the final 
output is obtained using combination rules such as voting. It is 
observed from this study that stand alone classifiers 
outperform ensemble systems.  
C. Evaluation metrics 
It is important to access the performance of the techniques 
employed for CAD systems especially in sensitive fields such 
as medical diagnosis. This study shows that there are several 
ways for the same. The most used performance evaluators are 
accuracy, sensitivity, and specificity. The area under the curve 
(AUC), Jaccard index and standard deviation are amongst 
other performance evaluators. Most used metrics are defined 
as follows: (1) Accuracy is the percentage of correctly 
classified samples from total samples. (2) Sensitivity is a 
percentage of abnormal samples correctly classified. (3) 
Specificity is a percentage of normal samples correctly 
classified. 
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Figure 6: Pie Chart Of Various Techniques Used In Cad Systems For Ce Abnormality Detection 

 

 
Figure 7: Categorization Of Techniques 
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IV. DISCUSSION 
This study observes that optimized feature set capable of 
differencing between multiple abnormalities is yet to be 
designed. Further, analysis of computation time and space 
required is necessary for designing the most appropriate 
feature set. Other features such as geometric, kinetics and 
binary object features can be explored. It is also observed that 
machine learning techniques are widely used in CAD systems 
for GI tract abnormality detection in CE images. However, 
there is wide variation in frequency of each technique used. 
Figure 7 presents frequency based categorization of 
techniques used in CAD systems. 
SVM and artificial neural network are found to be most used 
classifier in CAD systems. Different hybrid variants of both 
these classifiers are found widely experimented throughout 
the examined papers of this systematic review. From the 
various dataset used in different studies under this systematic 
review, it is learned that most of the times skewed data is fed 
into machine learning techniques. This unbalanced data 
problem can be better evaluated by Matthew’s Correlation 

Coefficient (MCC). MCC is very useful in case of skewed 
data between classes [82]. To provide an exact idea about the 
current scenario of CAD systems for CE abnormality 
detection, table 3 shows maximum accuracy achieved to 
detect various GI tract abnormalities along with the technique 
used to detect it.  

Table 3: Techniques Used To Detect Various 
Abnormalities With Maximum Achieved Accuracy 

Abnormality Max. Accuracy in 
% 

Technique(s) 

Abnormal 
images 

97.0 SVM, MLP 

Motility analysis 96.0 CNN 
Ulcer 97.89 SVM 
Bleeding 99.19 SVM 
Polyp 93.3 SVM-RBF, 

HMM 
Tumor 97.3 SVM, GA 
Cancer 90.75 OB-SVM 
Inflammation 90 Parallel 

Algorithm 
Hookworm 78.2 Rusboost 
Despite the promising results shown in Table 3, following 
disadvantages are noted in general from different articles 
studied in this review: 

 Size of the dataset is small 
 Only a specific set of features are explored ignoring 

other relevant ones 
 Overfitting due to use of local features 
 Skewed data 
 Computationally expensive techniques 
 Clinical validation of CAD system is not done 

V. CONCLUSION AND FUTURE WORK 

The aim of this systematic review is to help researchers design 
and develop CAD systems for detecting GI tract 
abnormalities through CE procedure. Such CAD systems will 
prove fruitful in timely detection and treatment of GI tract 
abnormalities. The state-of-the-art of computer vision and 
machine learning techniques has been explored in this study. 
It is found that comprehensive comparison of various 

methods is very difficult due to several factors such as 
different dataset, varying size of the dataset, different 
approaches adopted for assessment, wide range of feature sets 
and different methods of parameter tuning.   
As future work, it is recommended to have gold standard 
dataset available in public domain so that researches and 
experts can contribute from all different perspectives to 
improve CAD systems. Moreover, a highly promising trend of 
deep learning has surfaced in recent years. Developing a deep 
learning based CAD system may help to improve the 
efficiency of automated abnormality detection. 
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