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Abstract—In this article, 180 gastric images taken with Light Microscope help are used. Maximally Stable 

Extremal Regions (MSER) features of the images for classification has been calculated. These MSER features 

have been applied Discrete Fourier Transform (DFT) method. High-dimensional of these MSER-DFT feature 

vectors is reduced to lower-dimensional with Local Tangent Space Alignment (LTSA) and Neighborhood 

Preserving Embedding (NPE).  When size reduction process was done, properties in 5, 10, 15, 20, 25, 30, 35, 

40, 45, and 50 dimensions have been obtained. These low-dimensional data are classified by Random Forest 

(RF) classification. Thus, MSER_DFT_LTSA-NPE_RF method for gastric histopathological images have been 

developed. Classification results obtained with these methods have been compared. According to the other 

methods, classification results for gastric histopathological images have been found to be higher. 

Keywords—Maximally Stable Extremal Regions; Neighborhood Preserving Embedding; Local Tangent Space 

Alignment; Random Forest 

I.  INTRODUCTION  
 

Stomachcancer is a type of cancerthatoccurs in 

theStomachcancer, StomachtissueandStomachwall. 

AccordingtostudiesconductedbytheMinistry of 

Health, Stomachcancerwasidentified as 

thesecondmostcommoncancertype. Endoscopy is 

themostimportantfactor in theearlydiagnosis of 

thisdisease. Endoscopicexamination of 

theendometriumandbiopsyspecimensaretakenanddi

agnosed as pathologicalexaminations. It is 
seenthathalf of thepeoplewhohavethisdiseasearelate 

in thediagnosisanddoctorscannotapplyanytreatment 

[1,2]. Themostcommonsites of thisdisease in 

theworldaredistantcountriessuchas Japan 

andChina.Japan, thenumber of 

peoplewithStomachcanceraccountsforabout 30% of 

othercancerdiseases. IntheAmericas, thenumber of 

Stomachcancerpeopleincreaseseveryyear [1,3-

4].Accordingtoresearchconductedworldwide, 26% 

of malesand 11% of femaleshaveStomachcancer. 

Stomachcancer is located in 

thethirdplaceafterlungandbreastcancer in 
womenandsecondplaceafterlungcancer in males. 

Accordingtothenumber of newStomachcancer is 

estimatedto be around 30 thousand a year [1,5].S. 

Yoshihiro and colleagues [6] studied Stomach 

cancer by developing computer-based systems that 

can predict the risk factor. In the system developed, 

endoscopy images were taken from patients 

carrying H. pylori bacteria. 15 parameters were 

used to classify the Stomachmucosa with 3 

parameters on the back panel. The classification 

data were processed by Bayesian theorem and 

outputs were obtained. This study is the source for 
the treatment of patients who are at risk of Stomach 

cancers or patients who have to undergo endoscopy 

[1]. D.Ahmadzadeh [7] developed a cancer 

diagnosis system by using KDM (decision support 

machine) and local pattern algorithm methods for 

Stomach cancer diagnosis. By using the feature 

identification, feature extraction and noise 

reduction steps in the system they have developed, 

the results of estimation of 91,8% of 55 randomly 

selected samples were found. The common feature 

of both systems used in the study is that it is a 

system that helps the doctor in time andmaterial 
sense [1].Akbari et al. [8] developed a Stomach 

cancer diagnosis system by using infrared ultra-

spectral imaging method. This study was 

performed by selecting patients with Stomach 

cancer. Spectral features were extracted from 

cancerous and normal tissues and compared with 

this, KDM method was used to determine the 

detection of cancerous 

regionsbyspectraldiagramItwasperformed.High 

performancewasobtained from the system by using 

HFD and Log transformation in the direction of the 
obtained data. In the study performed, 25 patients 

with indole cancer were detected in 30 patients and 

83,3119% of the obtained system was 

mathematically successful [1].  Stomach cancer is a 

type of cancer that, when diagnosed late, leads the 

patient todeath [1, 

9].Stomachcancerusuallybeginswith ulcer and 
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gastritis complaints. Cancer can affect lymph nodes 

and other peripheral organs [1,10]. 

 

Methods of thestudyaregiven in Section 2. 

Experiment resultsaredescribed in Section 3. 

Discussionsaredescribed in Section 4, 
andconclusionsareexplained in Section 5. 

Thepurpose of thisarticle is toadd a 

differentstudytotheliteraturetohelpearlydiagnosis of 

stomachcancerusingimages of 

histopathology.Thenovelty of thisstudy, 

whenstudies in theliteratureareexamined, it is 

seenthat MSER, DFT, LTSA, NPE and RF 

methodsare not used together to help diagnose 

early gastric cancer.Wehave put forward a more 

powerful computer-aided method of using these 

methods together in thesame moment. Also, the 

classification performances have been compared 
according to the number of selected MSER 

features. 

 

 

II. THEORY AND METHOD 

A. Maximally Stable Extremal Regions (MSER) 

The MSER algorithm is an algorithm used to find 
circles or ellipse-like shapes (blobs) in images. The 

algorithm selects key points taking these shapes 

into account and calculates their attributes on these 

key points [11].An MSER region [12] consists of a 

set of interconnected points over a certain threshold 

value, whose persistence is dependent on the 

changing threshold value. In other words, the 

selected region is a local binary form that does not 

depend on a set of threshold values. According to 

the study given in Reference [13], finding MSER 

regions works in a similar way to the 
Watershedding method. The threshold value is 

changed to vary between [0-255], while regions 

connected to one another, which do not change or 

change very little in all scenes, are called as MSER 

regions. 

In the implementation of the method; the 

image points are sorted by the brightness value. and 

the points are placed in the image in ascending or 

descending order. During this process, the 

component regions and fields is kept in a list by 

finded with the join detection algorithm. At each 

step of the thresholding process, the small region 
with the association of the two regions is included 

in the large region.  and the smaller region is 

removed from the list. The threshold values at 

which the variation of the zone area is minimized 

by increasing / decreasing the threshold value are 

selected as the threshold ranges producing the 

maximum stable extremal zones. In other words, 

the boundaries of the end regions formed by the 

connected components at all threshold values are 

represented as𝑄1 , …𝑄𝑖−1 , 𝑄𝑖 , … a series of 

contiguous regions. This sequence provides the 

𝑄𝑖 ⊂ 𝑄𝑖+1 condition. In order to select the 

𝑄𝑖
∗extremal region of the array as the maximum 

stable [13]; To be local minimum is required in 𝑖∗ 
value of the 𝑞(𝑖) =  𝑄𝑖 ± ∆ / 𝑄𝑖  expression. In 

this expression,  .   denotes the area of the region, 

and ∆value denotes a parameter of the method. The 

± sign also indicates that there are local minimum 

for both decreasing and increasing threshold 

values. This process is applied on all the region 

arrays in the set of extremal regions to obtain the 
maximum extremal stable regions [13]. 

In the MSER method, neighboring image 

points having a similar color are subjected to 

clustering based on the stacked clustering. For 

clustering process, the color distances of four or 

eight neighboring points to one another are kept at 

an associated list. At each step of the algorithm, 

𝑡 ∈  0…𝑇 , the image points are labeled 

progressively. If the coordinate space of the image 

points is denoted as a set of labels Ω =
 1…𝐿 𝑥 1…𝑀 ⊂ 𝑍2, each step is expressed as 

𝐸𝑡 :Ω → N mapping. As a result of the labeling, the 

connected points with the same indicate specify the 

image extremal regions.  The distance between all 

neighboring points of the image extremal region 

must be lower than 𝑑𝑡𝑕𝑟 𝑡 , which is a threshold 

value calculated for the step in question. The 

distance of the image points in the color space is 

calculated using the chi-square distance. Initially, 

all values in the 𝐸0label image are labeled as 0. In 

𝐸𝑡 tag image, all neighbor points with a distance 

less than 𝑑𝑡𝑕𝑟 𝑡  are labeled as new region and 

𝐸𝑡+1tag image is obtained [13]. Due to the spatial 

relationship between the image points, the 

distances of all neighboring points do not show a 

uniform distribution. The vast majority of distances 

have small values, and large distance values in very 

few number exist. Therefore, at each step, the 

threshold value is increased linearly, resulting in a 

very rapid number of tag changes at the beginning. 
Thus, to the end of the steps, the labels of many 

points change [13]. In order to change the label of 

an equal number of image points in each step, the 

distance between all neighboring points in the 

image is taken as a random variable and the 

threshold values are modified according to the 

ordered reversal of the cumulative distribution 

function (CDF) of this random variable [13]. The 

chi-square CDF for colored images is calculated as 

in Equation (1) 

𝐶3 𝑥 =  
4𝑥

𝜆𝜋
𝑒−3𝑥/2𝜇 + 𝑒𝑟𝑓  3𝑥/2𝜇 (1)           

where μ is the mean of the sample set. As a result, 

Equation (2) is used to find the threshold values 

after the average estimate. 



 

 

International Journal of Modern Research in Engineering and Technology (IJMRET) 

www.ijmret.org Volume 3 Issue 2 ǁ February 2018. 
 
 

 

w w w . i j m r e t . o r g       I S S N :  2 4 5 6 - 5 6 2 8  

 

 

 

 

Page 33 

𝑑𝑡𝑕𝑟 𝑡 = 𝑐−1  
𝑡

𝑇
                 𝑡 ∈  0…𝑇               (2) 

Next, field changes of the extremal regions 

detected by increasing the value of 𝑑𝑡𝑕𝑟 𝑡 at each 

step are checked. and maximum stationary ones are 

detected. In addition, those smaller than a given 
value are eliminated from the maximum 

stableextremal regions [13]. 

 

 

B. Discrete Fourier Transform (DFT) 

Fourier transformation is a mathematical method 

that allows a periodic signal to be expressed by 

sinus and cosine components at different 

frequencies [14]. The Fourier transformation is 

defined for an array of infinite lengths, and more 

importantly, a function of the 𝑤 angular frequency, 

which is a continuous variable. When using 

MATLAB, we do not limit arrays and we need to 

evaluate for a limited number of points. Discrete 

Fourier Transform (DFT) eliminates these 

problems. In this article, a discrete Fourier 
transform (DFT) of multidimensional MSER 

property values is calculated using a Fast Fourier 

Transform (FFT) algorithm. The discrete Fourier 

transform is expressed as follows 

 

𝑋 𝑘 =  𝑥 𝑛 𝑊𝑁
𝑛𝑘𝑁−1

𝑛=0 0 ≤ 𝑘 ≤ 𝑁 − 1(3)    

 

where is 𝑊𝑁 = 𝑒−𝑗 (
2𝜋

𝑁
)
. if the 𝑁 sequence length is 

large, the direct presence of the DFT requires a 

large amount of processing. That is, as the 𝑁 
number increases, the number of transactions made 

increases rapidly and the number of transactions 

goes to an unacceptable level. In 1965, Cooley and 

Tukey developed a procedure to reduce the amount 

of processing required for Discrete Fourier 

Transform [14]. This procedure caused a sudden 

increase in DFT applications in digital signal 

processing and other fields. It has also been a 

pivotal step in the development of other algorithms. 

All these algorithms are known as Fast Fourier 

Transform (FFT) algorithms. These algorithms 
have greatly reduced the number of operations 

required for the DFT account, thereby ensuring 

ease of operation. FFT is an efficient and 

economical algorithm for DFT computation [15]. 

 

C. Local Tangent Space Alignment (LTSA) 

Given A m-

dimensionalpointssampledpossiblywithnoisefrom 

an underlying d-dimensionalmanifold, 

thisalgorithmproduces A 

dimensionalcoordinatesTє𝑅𝑑𝑥𝑛  for the manifold 
constructed from f localnearestneighbors [16]. 

 

Step 1. Extractinglocalinformation: 

Foreach a = 1, · · · ,A,Determine f 

nearestneighbors𝑥𝑎𝑏  of 𝑥𝑎 , b = 1, . . . 

,f.Computethe d 

largesteigenvectorseigenvectors𝑔1 ,…,𝑔𝑑  of the 

correlation matrix (𝑋𝑎 − ⁻𝑥𝑎𝑒
𝑇)𝑇 (𝑋𝑎− ¯𝑥𝑖𝑒

𝑇), and 

set 

𝐺𝑎  =  [𝑒/√𝑓, 𝑔_1,· · · , 𝑔_𝑑]                  (4) 

 

Step 2. Creation of thealignmentmatrix: If a 

directeigenvaluedecomposition is used, 

createthealignmentmatrixΦaccordingtothelocalcoll

ection. Otherwise, apply a 

routinethatcomputesthematrix-

vectormultiplicationfor an arbitraryvectoru[16]. 

 

Step 3. Calculatethesphericalcoordinates: 
Calculatethesmallesteigenvector of d + 1 

andselecttheeigenvectormatrix[𝑢2 ,· · ·
 , 𝑢𝑑+1]correspondingtothesmallesteigenvalues, 

and𝑇 =  [𝑢2 ,· · · , 𝑢𝑑+1] 𝑇[16]. 
 

 

 

D. Neighborhood Preserving Embedding (NPE) 

 

Neighborhood Preserving Embedding (NPE) is a 

linear approach to the LLE algorithm 

[17].Thealgorithmicprocedure is 

formallydescribedbelow: 

 
 

1. Constructing an adjacencygraph:Let'sshow a 

graphwith G, m nodes. The i-

thnodecorrespondstotheaidatapoint.Therearetwowa

ystocreate an adjacencygraph. [17]: 

• K nearestneighbors:Put an edgeorientedfromnode 

itoj ifauis amongtheKnearestneighbors of 𝑎𝑖 . 

• ϵ neighborhood:uif ‖𝑎𝑢  − 𝑎𝑖 ‖ ≤ ϵandPut an 

edgebetweennodesi. 
 

Thegraphicgeneratedbythefirstmethod is a graphic, 

built in thesecondmethod a non-directionalgraph. It 

is difficulttochoose a goodϵ in 

manyrealworldapplications.That’s 

it,thegraphweadopttheknnmethodtocreatesimilarity. 

 

2. Computing theweights:Inthis step, theweights at 

theedgeshavebeencalculated.LetWdenotetheweight

matrixwith𝑊𝑖𝑢havingtheweight of 

theedgefromnode𝑖tonode𝑢, and 0 if there is no such 
edge. The weights on the edges can be calculated 

by minimizing the following objective function 

[17],  

 

𝑚𝑖𝑛 ‖𝑎ᵢ −  wᵢᵤaᵤ‖𝑢𝑖                         (5) 

 

withconstraints 

 wᵢᵤ = 1𝑢 ,u=1,2,…,m(6) 
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3. Computing theProjections:Inthis step, 

thelinearprojectionshavebeencalculated. 

Solvethefollowinggeneralizedeigenvector problem 
[17]: 

 

AKAT𝑎= λAAT𝑎                           (7) 
 

where 

A= (𝑎1, · · · , 𝑎𝑚 ) 

 

𝐾 =  (𝐼𝑚 −𝑊)𝑇 (𝐼𝑚 −𝑊) 

 

𝐼𝑚 =  𝑑𝑖𝑎𝑔(1,· · · , 1)  (8) 

 
It is easytocheckthatKis symmetric. 

Letthecolumnvectors𝑥ₒ,· · · , 𝑥𝑑−1be thesolutions of 

Equation (9), orderedaccordingtotheireigenvalues, 

𝜆0 ≤ · · · ≤  𝜆𝑑 − 1. Thus, the embedding is as 

follows: 

 

𝑎𝑖→𝑦𝑖= 𝐴𝑇𝑎𝑖  
 

𝑋 = (𝑥ₒ,· · · , 𝑥𝑑−1)                       (9) 

 

whered-dimensionalvector is yi,and𝑋is an 𝑛 ×
 𝑑matrix. 

 

 

 

E. Random Forest (RF) 

 

RF is a collection of tree type classifiers. The Gini 

index is used in RF classifier. The division position 

according to the smallest Gini index is determined 

by Gini measurements. To generate a tree with the 

RF classifier, two external parameters must be 

entered. These parameters are m and N parameters. 

m is the number of variables used in each node. N 

is the number of trees that will be developed to 

determine the best partition [18,19]. The start m 

value is entered randomly from the outside. 
Subsequent m's are reduced or increased relative to 

the overall error rate. Classification accuracy is 

understood by generalized error data. P new 

training data is generated from R training data. 

Tree-type classifiers in the RF classifier are used in 

the {𝑕 𝑥, 𝜃𝑃 𝑃 = 1, … } type. where, x is the input 

data; 𝜃𝑃 indicates the random vector. The 𝑕 𝑥, 𝑅𝑃  
classifier is constructed using the new training data 

set. The x and y are not found in 𝑅𝑘 . When a 

random pixel is selected for a given training data 

set R, this pixel belongs to class 𝑆𝑖 .Therefore, the 

Gini index is expressed as below. 

 
  (𝑓(𝑗≠𝑖 𝑆𝑖 , 𝑅)/ 𝑅 )(𝑓(𝑆𝑗 , 𝑅)/ 𝑅 )(10) 

 

 

 

Here, R is the training data set,𝑆𝑖  is the class to 

which a randomly selected pixel belongs, 𝑓(𝑆𝑖 , 𝑅)/
 𝑅 )  indicates the possibility of belonging to the 𝑆𝑖  
class of the selected example. 

 

In this article has been used the MSER features. 

The dimensions of these features have been 

reduced to lower dimensions with help the DFT-

LTSA, and DFT-NPE methods by the Linear 

Discriminant Analysis (LDA) method. These lower 

size features have been classified by Random 

Forest (RF) method. The steps of this article are 

shown in Fig. 1. 
 

 

 

 
Figure 1.  StepstoApply of the MSER_DFT_LTSA-

NPE_RF Algorithms 

 

 

III. EXPERIMENTAL RESULTS AND 

DISCUSSION 

MSER features of 

stomachhistopathologyimageswerefound.Thedimen
sions of the MSER 

propertiesforeachimageareveryhighandhavebeenobt

aineddifferently.Ittakes a long time toprocesswith  

MSER 

characteristicswhicharedifferentfromeachotherandv

eryhighdimensions. Byapplyingthe DFT 

methodtothe MSER 

featuresobtainedfromthisaspect, 

thecellsobtainedforthe MSER 



 

 

International Journal of Modern Research in Engineering and Technology (IJMRET) 

www.ijmret.org Volume 3 Issue 2 ǁ February 2018. 
 
 

 

w w w . i j m r e t . o r g       I S S N :  2 4 5 6 - 5 6 2 8  

 

 

 

 

Page 35 

featuresareconvertedintovectors, andthesame size 

valuesareobtainedforalltheimages. 

 

TABLE 1. EXAMPLES OF DİFFERENT DİMENSİONAL 

CELLS FOUND FOR MSER FEATURES 

MSER 

cellsfor 

normal 

images 

MSER 

cellsforbenignima

ges 

MSER 

cellsformalignima

ges 

52800x
1 

98944x1 66944x1 

34368x

1 

56000x1 70464x1 

59776x

1 

41984x1 74560x1 

60544x

1 

30656x1 81856x1 

54016x

1 

38976x1 73600x1 

46016x

1 

83072x1 65344x1 

51712x

1 

80256x1 60416x1 

52480x

1 

35264x1 54784x1 

53184x

1 

24704x1 51712x1 

48192x

1 

30528x1 55744x1 

50432x

1 

41920x1 81280x1 

39488x
1 

78912x1 124288x1 

52544x

1 

43520x1 80960x1 

75904x

1 

34688x1 112768x1 

63872x

1 

53248x1 121088x1 

58304x

1 

43520x1 94080x1 

 

As shown in Table 1, thenumber of MSER 

propertiesobtainedforeachimage is 

differentfromeachother.Wehaveappliedthe DFT 

methodtotheseobtainedpropertyvalues 

becausethenumbers of 
thesepropertiesaredifferentforeachimage.  

 

 

Whenthe DFT method is applied, thefeature size 

obtainedfor normal images is 60x183680.It is 

60x197888 forbenignimages.60x379008 

formalignimages.Finally, LTSA and NPE size 

reductionmethodswereappliedtofeaturevalues of 

theseimages.Featurevalues of 5, 10, 15, 20, 25, 30, 

35, 40, 45, 50 for LTSA and NPE size 

reductionmethodswerediscussedrespectively. 

30 normal + 30 benign + 30 
malignimageswereusedfortestingpurposeswhile 180 

imageswereusedfor 30 normal + 30 benign + 30 

maligneducationalpurposes.Andthe test 

imageswereclassifiedwiththerandomforestclassifier.

Accordingtothefeaturenumbersselected in Table 2, 

theclassificationperformancesobtainedwiththe RF 

classifierareshown.AccordingtoTable 

2Thehighestclassificationperformanceobtainedwith 

LTSA is 94.44%. Thisratiowasobtainedbyselecting 

15 properties.However, 

thehighestclassificationperformanceobtainedwith 
NPE is 86.66%.Thisratiowasobtainedbyselecting 

10 properties.Based on theseresults, the LTSA size 

reductionmethodoverthe MSER_DFT 

propertyvalues 

showedhigherclassificationperformancethanthe 

NPE size reductionmethod.As shown in Table 1, 

boththe LTSA 

andtheNPE'sclassificationperformancedecreases as 

thenumber of featuresincreases.This is shown in 

thegraphic in Figure 2. 

 

TABLE 2. CLASSIFICATION PERFORMANCES OF RF CLASSİFİER ACCORDİNG TO SELECTED FEATURE NUMBER 

ClassificationPerformances (%) 

 

SelectedFeatureNumb

er 
5 10 15 20 25 30 35 40 45 50 

MSER_DFT_LTSA_RF 92.22 91.11 94.44 87.77 88.88 82.22 77.77 68.88 54.44 
 

46.66 

 

MSER_DFT-NPE_RF 84.44 86.66 81.11 76.66 66.66 65.55 56.66 50.00 53.33 
 

47.77 
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Figure 2. Comparison of 

theClassificationPerformancesfoundwith 

MSER_DFT_LTSA_RF and MSER_DFT_NPE_RF Algorithms 

 

InTable 3, GLCM is Gray Level Co-

occurenceMatrixFeatures. LBP is 

LocalBinaryPatternsFeatures. LPP is 

LocalityPreservingProjectionsfordimensionalreduct

ion. HOG is Histograms of 

OrientedGradientFeature. LDA is 

LinearDiscriminant Analysis. ANN 

isArtificialNeural Network.   

InTable 3, HOG_LDA_ANNaccuracy rate 

wasfound as 88,9 %. LBP_LPP_ANN accuracy 

rate wasfoundas 85.56 %. 

GLCM_LPP_ANNaccuracy rate wasfoundas 

80.12%. OurMethod MSER_DFT_LTSA_RF 

accuracy rate has beenfound as 94.44%. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

IV. CONCLUSION 

Untiltoday, 

manyclassificationmethodshavebeenused in 

thefield of health [21-33].180 

gastricimagestakenwithLightMicroscopehelpin 

thisarticlehavebeenclassified. 
MaximallyStableExtremalRegions (MSER) 

features of theimagesforclassification has 

beencalculated. These MSER 

featureshavebeenappliedDiscreteFourierTransform 

(DFT) method. High-dimensional of these MSER-

DFT featurevectors is reducedtolower-

dimensionalwithLocalTangent Space Alignment 

(LTSA) andNeighborhoodPreservingEmbedding 

(NPE).  When size reductionprocesswasdone, 

properties in 5, 10, 15, 20, 25, 30, 35, 40, 45, and 

50 dimensionshavebeenobtained. Theselow-

dimensionaldataareclassifiedbyRandomForest (RF) 

classification. Thus, MSER_DFT_LTSA-NPE_RF 
methodforgastrichistopathologicalimageshavebeen

developed.  

Thehighestclassificationperformanceobtainedwith 

LTSA is 94.44%. Thisratiowasobtainedbyselecting 

15 properties. However, 

thehighestclassificationperformanceobtainedwith 

NPE is 86.66%. 

Classificationresultsobtainedwiththesemethodshave

beencomparedwithotherclassificationresults in 

theliterature. Accordingtotheothermethods, 

ourclassificationresultsforgastrichistopathologicali

mageshavebeenseento be higher.Infuturestudies, an 
analysiswill be 

performedbyapplyingdifferentfeatureextractionmet

hodstodifferentcancerimages. 
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