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Abstract— The paper presents the development of a Computer 

Aided Diagnostic (CAD) system for the early detection of 

endometrial cancer. The proposed CAD system supports 

reproducibility through texture feature standardization, 

standardized multi-feature selection, and provides physicians 

with comparative distributions of the extracted texture features. 

The CAD system was validated using 516 Regions of Interest 

(ROIs) extracted from 52 subjects. The ROIs were equally 

distributed among normal and abnormal cases. To support 

reproducibility, the RGB images were first gamma corrected and 

then converted into HSV and YCrCb. From each channel of the 

gamma-corrected YCrCb, HSV, and RGB color systems, we 

extracted the following texture features: (i) Statistical Features 

(SF), (ii) Spatial Gray Level Dependence Matrices (SGLDM), and 

(iii) Gray Level Difference Statistics (GLDS). The texture 

features were then uses as inputs with Support Vector Machines 

(SVM) and the Probabilistic Neural Network (PNN) classifiers. 

After accounting for multiple comparisons, texture features 

extracted from abnormal ROIs were found to be significantly 

different than texture features extracted from normal ROIs. 

Compared to texture features extracted from normal ROIs, 

abnormal ROIs were characterized by lower image intensity, 

while variance, entropy and contrast gave higher values. In terms 

of ROI classification, the best results were achieved by using SF 

and GLDS features with an SVM classifier. For this combination, 

the proposed CAD system achieved an 81% correct classification 

rate.  

 

Index Terms—Texture features, computer aided 

hysteroscopy, CAD, hysteroscopy, endoscopy, 

classification, endometrial cancer. 

 

I. INTRODUCTION 

mong the female population of the United States, 

endometrial cancer is the most frequent cancer associated 

with the genital system. In the United States in 2013 it 

was estimated that over 49,560 new cases would have been 

diagnosed with gynaecological cancer of the uterine corpus 

with an associated estimate of 8,190 deaths [1]. Early and 

accurate diagnosis of the endometrial cancer is of paramount 

importance.  

Hysteroscopy is considered to be the gold standard technique 

for the diagnosis of intrauterine pathology, once symptoms or 
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sonographic evidence are suspicious for intrauterine neoplasia 

[2], [3].  

During the exam, the gynecologist guides the hysteroscope 

connected to a medical camera inside the uterine cavity via the 

cervical canal. New endoscopic systems provide excellent 

visualization and magnification of subtle lesions [4]. Post or 

perimenopausal bleeding is the most frequent symptom 

demanding hysteroscopy and endometrial curettage. 

Endometrial precancerous changes, especially in atrophic 

endometrium such as in the menopausal state, are difficult to 

diagnose even during hysteroscopic evaluation.  

 Hysteroscopic video/images direct the surgeon according to 

his or her training, knowledge and experience, empirically to 

evaluate the suspected Regions of Interest (ROIs) and take 

biopsies. This subjective approach can be supported by a CAD 

system which eventually may increase diagnostic accuracy. 

An in-situ, real time, quantitative analysis of the endometrial 

video/images could assist the endoscopist to recognize and 

isolate abnormal ROIs with higher probability.  

Our group has proposed a standardized protocol to be 

followed for texture feature analysis of endoscopic images 

during hysteroscopy [5]. It was shown that: (i) gamma 

corrected images gave significantly better approximations to 

the calibrated images, (ii) there was no significant difference 

in texture features between the panoramic and close up views 

and between small angles of the telescope, and (iii) significant 

texture differences were found between texture features 

extracted from normal versus abnormal ROIs. Figure 1 

illustrates normal and abnormal ROIs of hysteroscopic images 

of the endometrium. In general, normal ROIs have higher gray 

scale median, are more homogeneous, and have lower contrast 

when compared to the abnormal ROIs [5]. 

The objective of this study was to develop a CAD system 

able to differentiate between normal and abnormal 

endometrial tissue in the early stages of endometrial cancer 

based on color texture analysis in hysteroscopic imaging.  

 Preliminary studies were published by our group in [5], [6], 

[7] where the usefulness of color texture analysis in 

differentiating between normal and abnormal endometrium 

ROIs was demonstrated. However, in this paper an integrated 

system covering all steps of CAD processing (video capture, 

gamma correction, multiscale texture analysis, feature 

extraction and selection, and classification) are demonstrated. 

 Classification of hysteroscopy images of the endometrium 

using texture and vessel descriptors was recently published by 

Vlachokosta and coworkers [8] showing very promising 

results. Sheraizin and Sheraizin [9] proposed a hardware 

calibration protocol, for contrast improvement of 

hysteroscopic imaging with very good results according to the 

experts. A method of hysteroscopy video summarization and 

browsing based on the Jeffrey divergence of the color 
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histograms of the consecutive frames was proposed by 

Scharcanski and coworkers [10], [11]. It was shown that this 

adaptive method identified associated key-frames with less 

false positives (i.e not clinically relevant segments, evaluated 

on 11 videos). Furthermore, a virtual hysteroscopy / 

laparoscopy system covering the aspects of collision detection, 

deformation computation, and path planning was proposed 

[12].  

 Compared to prior research, the fundamental innovations in 

the proposed research include: 

 Early cancer detection: The current study focuses on the 

detection of abnormal cases associated with occult cancer 

conditions at the earlier stages of initial cellular change to 

malignancy. This unique focus of our current study into 

the earlier cancer stages enables early detection and 

treatment prior to significant progression of the disease. 

In contrast, in [8], the authors had focused on later cancer 

stage cases that included the formation of 

neoangiogenesis and vessels structures that are associated 

with more advanced stages of carcinogenesis. 

 Reproducibility through standardization: Images 

extracted through hysteroscopy images can exhibit 

significant differences due to lighting variations and 

differences in viewing conditions. The current paper 

extends the standardized protocol reported in [5] for RGB 

images to YCrCb and HSV color spaces. The 

standardization process supports future integration of 

results from different clinics. 

 Standardized multi-feature selection: Following 

standardization, we report texture features that exhibit 

significant differences between normal and abnormal 

ROIs based on the use of multi-comparison methods. 

 CAD system advantages: The proposed system provides 

feedback to the physicians regarding the distribution of 

texture feature values associated with both normal and 

abnormal cases (see Fig. 1). Thus, our approach is to 

improve the standard practice of using visual inspection to 

determine regions for histology to a better informed 

approach that relies on statistical differences between 

standardized texture features from a clinically verified 

database. 

The structure of this paper is as follows. Section II presents 

the methodology. Section III the results, and section IV the 

discussion. 

II. METHODOLOGY 

 In this section, the components of the proposed 

hysteroscopy imaging system are presented. A snapshot of the 

CAD system is demonstrated in Fig. 1. Moreover, a 

standardized protocol to support CAD in hysteroscopy (as 

well as in endoscopy and laparoscopy) image analysis is given 

in Fig. 2.  

 The original protocol described in [5] has been extended 

from covering RGB to include HSV and YCrCb. Furthermore, 

the new method includes ROI classification and 

reporting/diagnosis. The extensions from RGB to HSV and 

YCrCb allowed us to investigate more sophisticated color 

spaces that are associated with human perception [13]. In fact, 

as we shall describe in the Results section, the use of YCrCb 

gave the best classification results. Furthermore, the 

development of an ROI classification system provides the 

CAD system advantages detailed in the introductory section. 

Overall, the revised system includes the following 

components: (i) calibration and color correction estimation 

parameters, (ii) video acquisition, ROI selection and color 

correction, (iii) texture analysis and classification (new), and 

(iv) reporting / diagnosis (new). 

A. Dataset 

A total of 40 videos were recorded from 40 patients: (i) 18 

patients with postmenopausal uterine bleedings and/or 

suspected endometrial lesions, and (ii) 22 patients with normal 

endometrium. The mean age was 54.5 years (range 47-62). 

The patients underwent a routine examination procedure 

covering family history, clinical examination and transvaginal 

ultrasound evaluation. In 16 (40%) patients endometrial 

lesions like polyps and myomas were diagnosed and suspected 

to be the cause for abnormal bleedings. Diagnostic and 

operative hysteroscopy was performed under general 

anaesthesia.  

Initially, the expert surgeon performed a visual 

classification of suspect, normal endometrium regions. To 

verify the benign classification, we additionally performed 3 

biopsies of the endometrium and endometrial curettage (blind 

scratch of the endometrium). When expert visual classification 

suggested endometrial pathology like polyps, myomas, 

erosion or atrophy, biopsies were taken from the lesion as well 

as from the surrounding regions considered normal. 

The videos were recorded and analysed by the CAD 

system. From these videos, 416 ROIs of 64x64 pixels were 

cropped and classified into two categories based on the 

opinion of the physician: (i) for the normal case (N=208) and 

(ii) for the abnormal case (N=208). These cases were further 

verified based on the results of the histopathological 

examination. In order to investigate the accuracy of our 

classification approach, we also extracted an additional 100 

ROIs using 50 ROIs extracted from 10 normal cases and 

another 50 ROIs extracted from two abnormal cases.  

B. Video Recording 

Digital video images were acquired using the KARL 

STORZ Camera system [14] which included a luminance 

source and monitor. The camera was white balanced based on 

the manufacturer guidelines. The camera had an analog output 

signal (PAL 475 horizontal lines) that was digitized at 

720x576 pixels using the VCE-PRO frame grabber [15] (24 

bits color at 25 frames per second). 

C. Multiscale and Texture Feature Extraction 

 We also investigated the use of different image scales as 

previously reported in [16]. Here, following low-pass filtering, 

each ROI was dowsampled at rates that varied from 2x2 to 

9x9.  

 A unique characteristic of our dataset comes from the 

need to characterize color texture content of the ROIs. We are 

thus led to consider texture features that are extracted over 

three different color spaces: RGB, YCrCb, and HSV. For each 

color space component, we consider the use of standard gray-

scale features that have been widely applied for texture 

characterization. Furthermore, we also consider the 

combination of texture features over the entire color space. In 
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other words, we consider the use of texture features extracted 

from all three components of each color space. A total number 

of 26 texture features were extracted from each color 

component. The list includes: (i) Statistical Features (SF) [17], 

(ii) Spatial Gray Level Dependence Matrices (SGLDM) [18], 

and (iii) Gray Level Difference Statistics (GLDS) [19]. The 

following SF texture features were computed: 1) Mean, 2) 

Variance, 3) Median, 4) Energy, 5) Skewness, 6) Kurtosis, 7) 

Mode and 8) Entropy. The following SGLDM texture features 

were extracted: 1) Angular second moment (ASM), 2) 

Contrast, 3) Correlation, 4) Homogeneity 5) Variance, 6) 

Entropy, 7) Sum Entropy, 8) Sum Average, 9) Sum Variance, 

10) Difference Entropy, 11) Difference Variance, 12) 

Information Measurement of Correlation 1, 13) Information 

measurement of Correlation 2. The following GLDS texture 

features were computed: 1) Mean, 2) Entropy, 3) Contrast, 4) 

Homogeneity and 5) Energy. 

D. ROI Classification 

 We investigated the performance of the system using 

Support Vector Machines (SVM) and Probabilistic Neural 

Networks (PNN). For both classifiers, we performed training 

and testing for differentiating between normal ROIs and 

abnormal ROIs.  

 The C-SVM network [20] was investigated using the 

Gaussian Radial Basis Function (RBF) kernel and the linear 

kernel. Significantly better performance was obtained using 

the RBF kernel tuned based on the methodology proposed in 

[20]. More specifically, the values of c=8 and γ=0.04 were 

selected for prescribing the shape of the RBF kernel. These 

settings were fine-tuned based on numerous runs for different 

feature sets using 10-fold cross validation for 208 normal and 

208 abnormal ROIs. We also consider the use of a PNN 

classifier that is based on the use of Radial Basis Functions 

(RBF) [21]. This classifier was investigated for several spread 

radii in order to identify the optimal value following a similar 

procedure as prescribed for the SVM case. 

 The leave-one-out method was used for validating all the 

classification models unless otherwise stated. The runs were 

done for each of the three color systems and for the Y channel. 

A total of 4X415 runs were carried out for each model, and the 

performance of the classifiers was evaluated on the remaining 

one subset.  

III. RESULTS 

 Figure 1 presents a screenshot of the proposed CAD system. 

An overview of the hysteroscopic imaging CAD system is 

demonstrated in Fig. 1a. The system provides: patient 

information, video player, ROI classification into normal or 

abnormal, and texture features analysis. Figure 1b presents a 

screenshot of the ROI capture mode (manual or semi-

automatic), and the analysis results tab. 

A. Texture Feature Analysis 

To verify that the feature distributions did not follow a 

normal distribution, we used a Kolmogorov-Smirnov test at a 

significance level of α=0.05. The test was applied after 

making the distribution of each feature to be zero-mean and of 

unit variance for comparison to an N(0,1) distribution. For all 

color spaces, we found that none of the extracted texture 

features followed a normal distribution. Thus, in testing for 

significant differences between texture features extracted from 

normal and abnormal ROIs, we adopt a Wilcoxon test which is 

non-parametric. 

In Table I, we provide the results from statistical tests at 

different significant levels. At the most basic level (S1), we 

have statistical testing at a significance level of         This 

testing is commonly used for identifying individual texture 

feature differences [22]. Given the fact that we are extracting 

26 features per color channel, to account for multiple 

comparison effects, we also performed testing at a significance 

level of           (=0.002) using a Bonferroni correction 

as documented in [23] (S2 level). To also account for multiple 

effects within each color space, we also performed testing at a 

significance level of               (=0.0006) (S3 level). 

In Table I, we report the highest level for which we detect 

significant differences between the normal and abnormal 

ROIs. 

 Figure 3 gives the boxplots of the texture features SF 

median, and SGLDM variance and contrast for the YCrCb 

channels for both the normal and abnormal endometrium 

ROIs. It is shown that for the YCrCb channels (see Fig. 3): (i) 

SF median for normal ROIs was higher compared to abnormal 

ROIs for the Y channel, whereas for the Cr and Cb channels, 

the abnormal ROIs gave slightly higher values; (ii) SGLDM 

variance was higher for the abnormal ROIs for the YCrCb 

channels; (iii) SGLDM contrast was also higher for the 

abnormal ROIs for the YCrCb channels. These differences 

were also significantly different for the YCrCb channels at 

least for level S1 (see Table I). Additional features that 

demonstrated significant difference between normal and 

abnormal ROIs with the significance difference level given in 

parentheses were the following: SF energy (S2) and entropy 

(S3), SGLDM ASM (S3), homogeneity (S1), and entropy 

(S3), and GLDS homogeneity (S1), contrast (S1), energy (S1), 

entropy (S1) and mean (S1) (see Table I). 

B. CAD classification performance 

 Classifier performance is summarized in Table II (scale= 

1x1). For each classifier, we investigated the use of SF, 

SGLDM and GLDS features sets extracted from Y, YCrCb, 

HSV, and RGB. From the results in Table II, it is clear that 

SVM performed better than PNN. In terms of color systems, 

YCrCb gave slightly better results, followed by HSV and 

RGB. It’s interesting to note that the classification 

performance of the Y channel only followed very closely the 

classification performance of the YCrCb system. For the SVM 

classifier, the best performance was achieved with the 

SF+GLDS features extracted from YCrCb system 

(%CC=79%), followed by the SF+SGLDM+GLDS that gave 

%CC=77% (for both using the original features sets).  

 Furthermore, multiscale analysis was carried out to derive 

the image feature scale that gives the best classification 

performance. However, we do not consider the selected scale 

to be part of the overall system. More specifically, the YCrCb 

SF+GLDS features sets (that gave the highest percentage of 

correct classifications score) were computed from the images 

at the following scales: 2X2, 3X3, 4X4 and 9X9. SVM and 

PNN classification models were then developed and their 

performance is tabulated in Table III. It is shown that the best 
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classification performance was achieved with the feature sets 

derived at the 1X1 image scale (i.e. %CC=79% with the SVM 

classifier), whereas the feature sets derived at higher image 

scales (2X2 up to 9X9) gave models with significantly lower 

%CC (in the region of 60% with the SVM classifier). 

In order to empirically establish the sufficiency of the 

number of training samples, we measured the classification 

performance as a function of the size of the training set. Here, 

we note that classification error is a non-decreasing function 

of the number of training samples (see [22], [23]). 

Furthermore, empirically, as shown in [23], increasing the 

number of training samples beyond what is needed will not 

result in significant increase in performance. As documented 

in Table IV, for our dataset, we obtained 79% for the original 

dataset of 416 ROIs that only increased to 81% with the 

addition of 100 ROIs from the second dataset (see description 

in methodology). Furthermore, classification performance was 

reduced to 76% for 316 ROIs, suggesting that our dataset size 

of 416 ROIs should not be reduced further. The ROC curves 

of these models are also given in Fig. 4. The area under the 

ROC curves was in the region of 0.865 to 0.870 for the models 

with the highest performance (i.e. models 4 and 5 of Table 

IV). 

Furthermore, the models documented in Table IV were also 

carried out using 10 fold cross validation. The results were 

highly comparable but achieving a 1% to 2% higher 

classification scores. 

IV. DISCUSSION 

 In this study a CAD system was proposed based on color 

texture analysis for the analysis of hysteroscopy images of the 

endometrium. The system was evaluated on 258 normal and 

258 abnormal ROIs (histopathologically verified) manually 

extracted by the gynaecologist from 52 hysteroscopic imaging 

examinations (carried out on 52 subjects). It was shown that 

the YCrCb, SF+GLDS color texture features could classify 

correctly 81% of the cases (with a percentage sensitivity and 

specificity of 78% and 81% respectively) based on SVM 

modeling. Very similar but slightly lower classification 

performance was also obtained for the RGB and HSV color 

systems, as well as for the Y channel alone. Moreover, image 

features analyzed at higher scales gave poorer classification 

performance. These findings were considered satisfactory by 

the gynecologist, supporting the differentiation between 

normal vs abnormal ROIs that could prove to be very helpful 

in the early detection of gynaecological cancer. 

 The results of our study focused on early cancer detection 

are worse than the results reported by Vlachokosta et al. for 

more advanced cancer cases [8]. In [8], the authors reported a 

classification score of 91% that is higher than the 81% 

achieved by our method. However, the hysteroscopy cases 

investigated by Vlachokosta et al. [8] were clearly identified 

cases of malignancy that could easily be diagnosed by 

visualization alone. The formation of neoangiogenesis and of 

vessels structure in the image data set that was investigated is 

considered to be a late phenomenon of carcinogenesis. In 

contrast, in our study the effort was targeted at investigating 

cases at the stage of occult cancer conditions at the level of 

initial cellular change to malignancy.  

 Endoscopy/laparoscopy/hysteroscopy video is widely used 

in medical practice during minimally invasive procedures to 

navigate in the human organ recognizing local anatomical 

landmarks. This task is mastered by the physician following 

extensive training and clinical practice and requires fine hand-

eye coordination. Although in recent years the endoscopic 

equipment manufacturers introduced better camera 

technologies (high definition resolution, better 3 CCD sensors, 

and new optics and lenses) [14], limitations affecting the 

quantitative tissue analysis and computer aided diagnosis still 

exist.  

 Thus, the proposed CAD system is limited by the 

limitations inherent in any endoscopy / laparoscopy / 

hysteroscopy examination. More specifically, these are the 

following: (i) the endoscope distance from the tissue 

(panoramic vs close up view), (ii) difference in viewing 

angles, (iii) color correction, and (iv) radial distortion. 

 It was shown in [5] that for (i) and (ii) there was no 

significant difference in texture features, whereas for (iii) it 

was shown that gamma corrected images gave better image 

approximations to the original images. Limitation (iv) radial 

distortion is a serious problem that due to the small size of the 

endoscopic lenses used, nonlinear geometric deformations of 

the image are caused with points moving radially towards the 

center [24]. 

 An innovative system to address this problem has recently 

been proposed by Melo and coworkers [25], featuring intrinsic 

real time camera calibration, circular region segmentation, and 

inference of relative rotation between the lens probe and the 

camera head.  

 Concluding, significant research work is still needed in 

several directions to enable the deployment of CAD 

hysteroscopic imaging systems in successful clinical practice. 

More specifically, there is a need to: (i) further enhance the 

proposed standardized CAD system with radial distortion 

correction, (ii) investigate the performance of ROI image 

multi-scale feature analysis like Amplitude Modulation-

Frequency Modulation (AM-FM) features that showed 

promising results in hysteroscopic imaging [26] as well as 

color wavelet features that were used successfully in 

endoscopic tumor detection [27], (iii) incorporating navigation 

functionality for suspicious tissue localization and 

identification [28], and (iv) evaluation on more subjects and in 

more clinics. 
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(b) 
Fig. 1. An overview of the proposed hysteroscopy imaging CAD system consisting of: (a) Lower tab: patient information. Center column: video player with stop 

and freeze options (controlled by foot switch) and normal ROI shown in red color border and abnormal ROI shown in black color line border. Right column: 

Regions of interest tab (showing normal and abnormal ROIs), analysis results tab, and ROI capture mode (manual or semi-automatic). (b) Left column: abnormal 
ROI RGB histograms. Middle column: texture features for the Y channel of the YCrCb system of the abnormal ROI. Right column: Mapping of the texture 

features SF median, SF variance, SGLDM contrast and GLDS entropy of the ROIs under investigation on bar plots. The lower and upper bounds of these plots 

are based on the analysis of normal and abnormal ROIs for the SF, SGLDM, and GLDS texture feature sets using the Y channel. The green color of the feature 
map is used to illustrate the normal region, whereas the red color the abnormal region. It is shown that: (i) the normal ROI (N) investigated is within the normal 

bounds for the SF Med, SF variance, SGLDM contrast and GLDS entropy features; (ii) the abnormal ROI (A) investigated is within the normal bounds for the 
feature SF variance, but is out of the normal bounds (i.e. it falls in the abnormal regions) for the features SF median, SGLDM contrast, and GLDS entropy. The 

ROI classification results of the SVM classifier are shown on the lower part of the figure. It is illustrated that both the normal and abnormal ROIs under 

investigation were correctly classified. 
 

  

Normal 

Abnormal 
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Calibration and Color Correction Estimation Parameters: 

1. Calibrate the camera following the guidelines by the manufacturer 

(i.e. white balance). This provides optimal-viewing calibration 

that will be environmentally dependable. 

2. Capture the color palette ROIs and their corresponding digitally 
generated values based on the data given by the manufacturer. 

3. Calculate the gamma correction parameters. 

Video Acquisition, ROI Selection and Color Correction: 

4. Acquire images at an angle that is nearly orthogonal to the object 

under investigation (only allowing 3 degree deviation) and at 

distances of 3cm (close up) to 5cm (panoramic). 
5. ROIs selection: 

a. Manually crop ROIs of 64x64 pixels of suspicious areas to 

be investigated and/or  
b. Semi-automatically select a central region of 256x256 

pixels, consisting of 16 ROIs of 64x64 pixels to be 

investigated. 
6. ROIs are γ-corrected and visually assessed. 

Texture Analysis and Classification (new) 

7. Convert the ROIs from RGB to the HSV and/or to the YCrCb 

systems (for the Y channel,                         
8. Compute the texture features (SF, SGLDM, and GLDM at 

different scales) on the γ-corrected ROIs of step 7 for each of the 

channels of the color systems. 

9. Classify ROIs into normal/abnormal using: 
a. SVM classifier, and/or 

b. PNN classifier. 
10. Store raw video, ROIs, texture features, and classification results 

into hysteroscopy imaging database. 

11. Perform visual expert analysis of the results (also supported via 
the web platform-taking into account the findings documented in 

the electronic patient record). 

Reporting/Diagnosis (new) 

12. Generate electronic patient record and hysteroscopy imaging 

CAD reports (including biopsy findings). 

 

Fig. 2. Hysteroscopy imaging CAD protocol covering image calibration and color correction, video acquisition, texture analysis and classification, and diagnosis. 
This protocol was updated from previously published protocols by our group in [5], [7], [26]. 

 

 
Fig. 3. Boxplot of SF median and SGLDM variance, contrast, for YCrCb channels, for normal (N) and abnormal (Ab) ROIs of the endometrium. The box shows 

the median, lower and upper quartiles and confidence interval around the median for each feature. The dashed lines are used to demonstrate the extend of each 

distribution to the outliers that are still considered to be part of the distribution. All these features have significant differences at least for        (S1 level) (see 
Table I for detailed statistical analysis). 
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Fig. 4. ROC curves of models (3-5) tabulated in Table IV. The area under the ROC curve (AOC) is also given. 

 
TABLE I 

STATISTICAL ANALYSIS OF SELECTED TEXTURE FEATURES FOR NORMAL (208) VS ABNORMAL (208) ROIs OF THE ENDOMETRIUM 

EXTRACTED FROM 40 SUBJECTS FOR THE RGB, HSV, AND YCrCb COLOR SYSTEMS. THE WILCOXON RANK SUM TEST WAS CARRIED OUT 

WITH ‘S’ AND ‘NS’ INDICATING SIGNIFICANT, AND NON-SIGNIFICANT DIFFERENCE RESPECTIVELY AT: S1 LEVEL         S2 LEVEL 

          (=0.002), AND S3 LEVEL           *3) (=0.0006). THE TABLE SUMMARIZES THE HIGHEST SIGNIFICANCE LEVEL FOR WHICH 

WE HAVE SIGNIFICANT DIFFERENCES. 
 

Channel Y Cr Cb H S V R G B 

SF          

Mean S2 S1 S1 S3 S1 NS NS S2 S1 
Variance S3 S3 S3 S3 S3 S3 S3 S3 S3 

Median S1 S1 S1 S3 S1 NS NS S2 S1 
Mode NS S1 S1 S3 NS NS NS S1 NS 

Energy S2 S3 S3 NS S3 S3 S3 S3 S3 

Entropy S3 S3 S3 S3 S3 S3 S3 S3 S3 

SGLDM          

ASM S3 S3 S3 S3 S3 S3 S3 S3 S3 
Contrast S3 S3 S1 S3 S1 S3 S3 S3 S2 

Correlation S2 S3 S1 NS S3 S3 S3 S3 S3 

Variance S3 S3 S3 S3 S3 S3 S3 S3 S3 

Homogeneity S3 S3 S1 S3 S3 S3 S3 S3 S3 

Entropy S3 S3 S3 S3 S3 S3 S3 S3 S3 

GLDS          

Homogeneity S3 S3 S1 S3 S3 S3 S3 S3 S3 
Contrast S3 S3 S1 S3 S1 S3 S3 S3 S2 

Energy S3 S3 S1 S3 S1 S3 S3 S3 S3 

Entropy S3 S3 S1 S3 S1 S3 S3 S3 S3 
Mean S3 S3 S1 S3 S1 S3 S3 S3 S3 
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TABLE II 

CLASSIFICATION PERFORMANCE OF THE CAD SYSTEM BASED ON THE SVM (PNN) MODELS TO CLASSIFY NORMAL VS ABNORMAL 
ROIs OF THE ENDOMETRIUM BASED ON TEXTURE FEATURES, FOR ORIGINAL TRANSFORMED FEATURES SETS 

 

SVM (PNN) %CC %SE %SP 

classifier Y RGB HSV YCrCb Y RGB HSV YCrCb Y RGB HSV YCrCb 

SF 70(64) 75(65) 74(73) 73(70) 69(55) 78(57) 71(69) 68(55) 72(73) 72(73) 77(76) 78(84) 

SGLDM 76(67) 72(67) 73(72) 74(69) 75(62) 67(62) 70(67) 76(50) 77(72) 77(72) 76(77) 71(88) 
GLDS 72(67) 69(63) 73(73) 75(70) 65(51) 59(44) 68(68) 75(53) 79(82) 79(82) 78(77) 75(86) 

SF+SGLDM 73(68) 70(67) 70(70) 76(69) 69(62) 63(60) 62(64) 77(51) 77(74) 77(74) 78(76) 75(87) 
SF+GLDS 76(70) 73(68) 76(76) 79(70) 76(59) 70(56) 73(73) 83(55) 76(80) 76(80) 79(79) 74(84) 

SGLDM+GLDS 76(71) 73(67) 71(71) 76(69) 74(63) 69(56) 62(65) 76(53) 77(78) 77(78) 79(78) 75(84) 

SF+SGLDM+GLDS 74(72) 73(68) 76(69) 77(69) 66(65) 64(58) 73(60) 79(53) 82(78) 82(78) 79(78) 74(85) 

%CC: Percentage of Correct Classifications Score; %SE: Percentage Sensitivity; %SP: Percentage Specificity. 
 

TABLE III 

CLASSIFICATION PERFORMANCE OF THE CAD SYSTEM BASED ON THE SVM (PNN) MODELS TO CLASSIFY NORMAL VS ABNORMAL ROIs 
OF THE ENDOMETRIUM BASED ON THE SF+GLDS FEATURE SETS FOR DIFFERENT SCALES FOR THE YCrCb SYSTEM 

 

 
YCrCb: SF + GLDS 

Scale %CC %SE %SP 

1X1 79 (70) 83 (55) 74 (84) 

2X2 61 (57) 50 (30) 71 (85) 

3X3 60 (57) 44 (22) 77 (91) 
4X4 59 (56) 43 (18) 74 (94) 

9X9 61 (55) 53 (29) 68 (80) 

 
TABLE IV 

CLASSIFICATION PERFORMANCE OF THE CAD SYSTEM BASED ON THE SVM MODELS TO CLASSIFY NORMAL VS ABNORMAL ROIs OF 

THE ENDOMETRIUM BASED ON THE SF+GLDS FEATURE SETS FOR DIFFERENT TRAINING SETS FOR THE YCrCb SYSTEM 

 

 
YCrCb: SF + GLDS 

No. of cases N/Ab %CC %SE %SP 

1. 78/78 62 87 45 

2. 128/128 63 85 50 
3. 158/158 76 86 73 

4. 208/208 79 83 74 

5. 258/258 81 78 81 

 


